International Journal of Emerging Trends in Computer Science and Information Technology
ISSN: 3050-9246 | https://doi.org/10.63282/3050-9246.1JETCSIT-V6I1P112
Eureka Vision Publication | Volume 6, Issue 1, 111-123, 2025

Ny

Original Article

Interoperability Challenges in Healthcare Data Lakes: A
Snowflake-Based Approach

Sangeeta Anand
Senior Business System Analyst at Continental General, USA.
Received On: 15/02/2025 Revised On: 02/03/2025

Accepted On: 18/03/2025 Published On: 18/03/2025

Abstract - For providing patient-centered, coordinated, efficient treatment, data interoperability has become a basic demand in the
changing sector of healthcare. Organizations are challenged by the growth of data from numerous sources—including electronic
health records (EHRs), insurance claims, laboratory systems, and consumer wearables). Absence of standardization and isolated
storage greatly limits real-time insights and inter-system communication. Data lakes are currently a decent approach to compile
and maintain vast and diverse datasets at scale, but without consistent integration architecture their promise is not fully fulfilled.
Introducing Snowflake, a contemporary cloud data platform meant to maximize data sharing, governance, and performance
among numerous sources. Built on a decoupled storage-compute model and strong support for semi-structured data, Snowflake's
design fits quite nicely for meeting the interoperability requirements of healthcare contexts. This article explores how Snowflake
might form the basis for a healthcare data lake that takes data from various sources and aligns it to known standards using
functionality including Snowpipe, data sharing, and safe data interchange. Using Snowflake's scalability, real-time data streaming,
and natural support for analytics and machine learning, healthcare practitioners can cover ongoing data gaps—improving patient
outcomes, expediting research, and lowering administrative inefficiencies. Our Snowflake-based method shows that, given the
correct platform and approach, healthcare firms can go beyond fragmented systems to establish a connected ecosystem whereby
data flows naturally, securely, and intelligently.
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Healthcare Analytics, Data Standardization.

1. Introduction

The digital revolution in healthcare has begun a period in
which data is both plentiful and essential for strategic planning,
operational efficiency, and clinical decision-making, including
operational effectiveness. Healthcare organizations are
overwhelmed by many data sources spanning structured, semi-
structured, and unstructured formats: electronic health records
(EHRs), insurance claims, genetic databases, remote patient
monitoring devices, and health-related mobile apps. Often
referred to as big data, the increase in volume, variety, and
speed of healthcare data has pushed the adoption of data lakes
as a scalable method for storing and regulating vast, diversified
datasets. Data lakes provide companies trying to enhance their
data architecture and adapt for evolving analytical demands the
storage of unprocessed data in its natural state, unlike rigid and

dependent on predetermined schemas traditional data
warehouses offer.
Using this data for pragmatic insights is based

fundamentally on interoperability. In the context of healthcare,
interoperability is the capacity of many information systems,
applications, and devices to access, interact, integrate, and
cooperate to use data in a synchronized manner across
organizational ~ boundaries. = This  ensures  syntactic

interoperability that systems may interact via standardized data
formats and protocols like HL7 or FHIR as well as semantic
interoperability that guarantees the meaning of shared data is
kept and understood. Real-world interoperability—that is, true
interoperability allows population health management, real-
time clinical decision support, and seamless care coordination.

Despite its potential, the conventional data warehouse
approach finds tremendous trouble becoming interoperable.
Often closely related to legacy infrastructure, these systems lag
in upgrading to match changes in data standards and
integration needs and are incapable of efficiently processing
unstructured or semi-structured data. Usually needing
predetermined schemas, they result in rigid structures
preventing real-time data intake and analytics as well as
protracted development cycles. Moreover, integrating
numerous data sources from labs, payers, hospitals, and outside
vendors—into a coherent perspective is a big difficulty with
standard warehouse systems.

Developing compatible data systems in healthcare
immediately affects regulatory compliance and patient care;
hence, it is more important than merely technical efficiency.
Integrated data systems help doctors to get a whole view of a
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patient's medical past, therefore enhancing diagnosis accuracy
and tailored treatment regimens. Strict data privacy, security,
and access control mandated by HIPAA and other laws are
something modern, interoperable systems more effectively
offer. Moreover, modern analytics—which includes predictive
modeling and artificial intelligence-driven insights—rely on
coordinated datasets to run successfully and provide value all
through the care spectrum.
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Figure 1. Interoperability Challenges in Healthcare Data
Lakes: A Snowflake-Based Approach

This work addresses healthcare interoperability by looking
at a modern strategy leveraging a Snowflake-based data lake.
Snowflake is a cloud-native data platform with a flexible
architecture that fits both structured and semi-structured data,
provides real-time data transmission, and uses accurate access
constraints, making it highly fit for healthcare data integration
requirements. We detail the architectural framework and
interoperability solutions, justify the Snowflake choice, and
stress the observable results from its application in a healthcare
environment.

The subsequent elements of this work are arranged as
follows: We first address the primary issues with
interoperability resulting from several healthcare data sources
and outdated technologies. We then go over the characteristics
of data lakes and the numerous benefits Snowflake provides in
this respect. Next we show a Snowflake-based interoperability
architecture, including component and data flow descriptions.
Following this, an assessment of outcomes addresses gains in
analytics, data access, and compliance. Lastly, we provide
suggestions on the future paths and the larger effects for
companies in the healthcare sector applying data-driven
transformation.

2. Understanding Interoperability in Healthcare
Interoperability in healthcare is fundamental for efficient
data sharing and cooperation amongst numerous healthcare
systems, apps, and institutions. As the business approaches
digitalization, fast, safe, and coordinated treatment relies on the
capacity of multiple systems to communicate and grasp shared

data. Understanding the three main categories, the pertinent
data standards that support them, practical applications, and the
obstacles in their development will help one to completely
grasp the value of interoperability.

2.1. Types of Interoperability

e Foundational Interoperability: Generally speaking,
this is the lowest degree of interoperability. It allows
one information system to send data to another
without depending on the receiving system to
comprehend or translate the data. Foundational
interoperability guarantees the safe and consistent
flow of data across sources, best exemplified by the
logical transfer of a laboratory report from a
diagnostic laboratory to a hospital system in a legible
format, such as a PDF or HL7 message.

e Structural Interoperability: Structural
interoperability results from uniform syntax and
format guarantees for data exchanges, allowing
systems to routinely arrange and show data.
Standards, including HL7 Version 2 and CDA
(Clinical Document Architecture), enable them to be
digested and absorbed independently into the records
of the recipient system, therefore enabling this level
by defining the format of communications.

e Semantic Interoperability: Semantic
interoperability guarantees the highest degree of
semantic consistency, therefore ensuring that data
structure and meaning will traverse systems. This
allows automatic systems to clearly access and utilize
the transmitted data. FHIR (Fast Healthcare
Interoperability Resources), SNOMED CT, and
LOINC are among the essential standards since they
offer a shared vocabulary and data format, therefore
ensuring consistent clinical meaning over numerous
platforms and applications.

2.2. Interoperability Standards in Healthcare

e HL7 (Health Level 7) is a standard that has seen
extensive use in clinical systems for data sharing. The
two messaging standards, V2 and V3, of HL7 are
responsible  for the basic and  structural
interoperability of the standard.

e FHIR is a current standard implemented as RESTful
APIs that uses a data model for the exchange of real-
time and web-based health data, and the standard also
aims at achieving the semantic interoperability.

e DICOM (Digital Imaging and Communications in
Medicine) is the standard way to store and
communicate medical imaging data that supports
interoperability in radiology systems.

e LOINC (Logical Observation Identifiers Names and
Codes) standardizes the nomenclature of laboratory
results and clinical measurements, thus promoting
semantic clarity.
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e SNOMED CT (Systematized Nomenclature of
Medicine — Clinical Terms) is the ideal clinical
vocabulary providing diseases, procedures, and
findings, which are essential for the convergence of
terminology among systems.

2.3. Common Use Cases

Interoperability in healthcare is not just an abstract
concept but it is actually used in practice and has many
practical applications, such as:

e EHR Integration: It is easier for medical professionals
to have all the health records by connecting the
electronic health records of different providers, which
also has another advantage of reducing duplication
and making the process of care coordination better.

e Cross-Provider Patient Records: This kind of system
supports easy and secure movement of patients' data
from one specialist to a general practitioner to a
hospital or an out-of-hours doctor, which develops a
better  quality of the treatment  process.
Care Transitions: Via interoperability, such things as
medicines and allergies, which are crucial for the
treatment process, are initially conveyed to the next-
care destination if patients move from one place to
another. A typical instance is where a patient is
transferred from the hospital to a rehabilitation
facility.

e Population Health and Analytics: The provision of
services that are compatible allows systems to gather
up data from a large number of people to monitor
trends, label people at risk, and evaluate the current
environment for the subsequent period.

2.4. Challenges to Achieving Interoperability
Despite the fact that it has numerous benefits, compatibility is
still faced with various problems that have been here forever:

e Data Silos: This issue comes from the fact that
healthcare organizations usually keep the information
that they have in systems that do not communicate
effectively with each other. Therefore, data does not
show the whole picture of the patient's condition and
it even does not provide data-driven insights.

e Legacy Systems: The situation is different as many
providers continue to operate with old infrastructure
that doesn't include either APIs or the required
flexibility for the present-day attempts.

e Vendor Lock-In: By using vendor-specific EHR
systems, it is very hard to execute the export of data
or its integration with other tools of a third party,
affecting organizational adaptability negatively and
increasing costs.

e Inconsistent Standards Adoption: For example, FHIR
and HL7 are standards that are available for use, but
when vendors and other institutions have no uniform
pattern of adoption, interoperability issues and data
mismatches occur.

Organizations in the healthcare sector should decide on
using more agile and standards-friendly infrastructure,
resulting in seamless interoperability. When you read this
paper further, you will realize how cloud-native platforms such
as Snowflake offer a great way to scale freely and swiftly
through various healthcare ecosystems while being standards-
compliant.

3. Healthcare

Limitations

Given the exponential increase in volume and diversity of
healthcare data, conventional data warehouses may struggle in
expanding, integrating, and managing difficult analytical
needs. These days, a prevalent method is data lakes,
centralized repositories designed to manage unstructured and
ordered data at any size. In medicine, they present
revolutionary chances for study, public health management,
and exact treatment. Creating healthcare data lakes begs many
issues, including governance, data complexity, and legal
limitations.

Data Lakes: Design and

3.1. Architecture of Healthcare Data Lakes

Usually built of layers, a healthcare data lake architecture
ensures access, scalability, and security. The basic layer is
cloud or on-site storage solutions (such as AWS S3, Azure
Data Lake, or Hadoop HDFS) capable of managing petabyte-
scale datasets. Over this layer batch and real-time
transformations are offered by data processing technologies
ranging from Apache Spark to Apache Beam to AWS Glue.

One of the most important elements is the separation of raw,
curated, and consumer areas:

e Raw Zone: Here, data is loaded in the state it is found
to keep the accuracy and trustworthiness.

o Curated Zone: Purified, morphed, and most cases, de-
normalized data are saved here as a basis for analytics
and reporting.

e Consumer Zone: Customized datasets for machine
learning, business intelligence, or clinical decision
support systems.

Each layer is equipped with security features that ensure
HIPAA compliance by means of encryption, access controls,
and audit logging.

3.2. Ingestion from Structured and Unstructured Sources

The Healthcare data lakes are the main channel for a wide
range of data types. Data in structured form, for instance,
Electronic Health Records (EHR), laboratory test results,
billing systems, and insurance claims, is mostly assimilated by
means of ETL pipelines or streaming mechanisms such as
FHIR APIs, HL7 messages, or CSV dumps. This is a common
practice.
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On the other hand, unstructured data include physicians'
notes, radiology and pathology images, genomic data, audio
files, and even videos. The use of NLP engines, image parsers,
or PACS interfaces makes data ingestion possible. For
example:

e Through NLP, clinical notes are turned into the most

important themes, like diagnoses or medications.

e Medical images are in DICOM format and are usually
accompanied by metadata that comes from the
imaging tools.

e Wearable and remote patient monitoring data,
employing IoT frameworks, could be an entry point.

It is necessary to perform time alignment, patient identity
resolution and data normalization during the process of
ingestion to have the data in a form that can be used by end-
users.

3.3. Metadata Management and Cataloging
Relying greatly on metadata that are perfectly planned and
managed is at the core of a functional data lake. When it is not
cataloged properly, the result is a "data swamp." A great mass
of data remains disorganized and unusable. Metadata catalogs
such as AWS Glue Data Catalog, Apache Atlas, or Informatica
EDC can perform the following tasks:
e Technical metadata: Format,
location.
e Business metadata: Data definitions, use cases, and
access policies.

schema, file size,

e Operational metadata: Data lineage, refresh
frequency, and quality metrics.
Associate  datasets by the appropriate clinical

terminologies (for instance, SNOMED CT, LOINC, ICD-10)
to ensure semantic interoperability. Furthermore, catalogs are
also good for the purpose of data discovery, provenance
tracking, and auditability—especially in the healthcare
environment, where data mismanagement has regulatory
repercussions.

3.4. Limitations and Challenges
Healthcare data lakes impose major design and operational
restrictions even with their advantages:

e Schema Evolution: Data formats and standards
evolve often in the context of healthcare. An
electronic health record provider might change its
schema; a laboratory might update its test panels.
Dealing with schema development without interfering
with current analytics systems can be challenging.
Schema-on-read allows flexibility even if it usually
leads to higher processing complexity and less
performance.

e Data Lineage and Traceability: Healthcare analytics
call for a great degree of dependability, which calls
for well-recorded data lineage. Users of datasets
applied in a model or report have to be aware of its

versioning, source, and transformation history.
Keeping lineage across ordered and unstructured data
types is challenging, particularly in real-time
ingestions. In this sense, failing could lead to
violations of compliance rules and clinical mistakes.

e Governance Complexity: Combining openness and
control in healthcare data lakes is somewhat
challenging. Must be exactly calibrated are role-based
access, consent management, and usage tracking.
Usually under control by several policies, data from
several sources has to be combined under one
governance  framework.  Moreover, lifecycle
management—that is, data retention, archiving, and
deletion must satisfy therapeutic and legal standards.

e Interoperability and Standardization: For further
study, data lakes have to combine several sources into
logical forms. Still, changes in coding standards,
timestamp systems, and missing values impair this
process. Ignoring the need to normalize data reduces
the analytical value of data and raises model bias risk.

4. Snowflake’s Architecture for Healthcare Data

Healthcare firms are under more pressure than ever to
identify relevant insights from expanding volumes of
structured and semi-structured data. Data floods include
electronic health records (EHRs), genetic information; medical
imaging, claims, and real-time monitoring feeds call for a
scalable, interoperable, and secure platform. Snowflake, a
cloud-native data platform, addresses these issues with its
original architecture and natural uses for healthcare.

4.1. Decoupled Storage and Compute: The Foundation of
Snowflake

Snowflake's architecture is somewhat different from
conventional databases.  Fundamentally, it is a multi-cluster
shared data architecture separating storage, computation, and
services therefore providing flexibility and concurrency.

e Storage Layer: All structured and semi-structured data
is stored in a single cloud repository by the Storage
Layer using a columnar, compressed, encrypted
technique. Ensuring ease and longevity in data
management, this storage is unchangeable and
worldwide accessible.’

e Compute Layer: digesting as needed for searches,
virtual warehouses autonomous computing clusters
can be built and destroyed. Every virtual warehouse
runs independently avoiding conflict and enabling
simultaneous execution for various workloads e.g.,
analytics, machine learning training, and ELT tasks.

o Services Layer: Together the Services Layer consists
of metadata management, authentication, query
optimization, and access control. It coordinates the
entire system and provides security, efficiency, and
openness.
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Separating these components allows Snowflake to enable
healthcare businesses to expand storage independently of
performance, and vice versa an essential ability for workloads
with fluctuating demands, like in clinical trials or epidemic
surges.

4.2. Native Support for Semi-Structured Data

Many files in the healthcare sector are often available in
semi-structured data formats such as JSON, Avro, XML, or
Parquet. With their schema flexibility and API compatibility,
EHR systems, lab devices, and mobile health apps are the most
usual data sources.

The platform which Snowflake uses for its semi-structured data
is a VARIANT data type. Which means medical providers
have the chance to:
e Enter HL7/FHIR JSON data directly into their health
systems without changing them first.
e Use a well-known SQL syntax to retrieve any deeply
nested attributes.
e Easily link structured and semi-structured data in
analytical queries.

For instance, a FHIR Patient as a JSON resource can be
queried together with demographic data provided in a
structured way, thus creating all-inclusive patient profiles. In
this hybrid workload, Snowflake's engine ensures automated
optimization of storage and access paths.

4.3. Integration with FHIR and HL7 APIs

FHIR (Fast Healthcare Interoperability Resources) and
HL7 (Health Level 7) standards are the bedrock of healthcare
data exchange. Snowflake’s adaptive design permits the FHIR
and HL7 APIs to be connected directly, which means that the
batch and the real-time data loading are all possible through.

e External data pipelines based on tools like Apache
NiFi, Informatica, or Fivetran, which parse HL7v2
messages and FHIR bundles and load them into
Snowflake.

e The most common way to perform a convert is to edit
them in the text editor Snowpipe, Snowflake’s
streaming  ingestion service, which  supports
continuous data loading and near real-time analytics.

e Native connectors and REST APIs that make the
integration with hospital systems and third-party
applications faster and easier.

Having such support for the mentioned standards,
Snowflake is revealed as an efficient data depository for
interoperable healthcare datasets, which offers institutions a
possibility to break down data silos and do the longitudinal
analytics across care settings.

4.4. Benefits for Healthcare

Snowflake’s architectural features result in direct
advantages for healthcare organizations in areas of clinical,
operational, and regulatory practices.

4.4.1. Scalability
The on-demand compute capability enables the
healthcare organization to either scale up or scale down
based on the workload patterns.

e A small clinic can be run with a minimum of
resources for computation and then scale up during
yearly checkups or data transition.
Large hospital networks can perform multiple
workloads simultaneously, such as quality reporting,
population health analytics, and Al model training,
without having to worry about resource contention.

This flexibility of elasticity in resource usage is a great
advantage for any healthcare enterprise as it supports both
local and national initiatives, beginning with the patient's
bedside and ending with nationwide public health surveillance.

4.4.2. Cost Efficiency
Fluctuations in the throughput of the traditional platforms for
healthcare data either occur as a result of excessive
provisioning of computing resources or storing redundant data.
Snowflake’s pay-as-you-go model guarantees:
e The storage prices are directly proportional to the
actual compressed data volume.
e Compute costs only jump when virtual warehouses
are being used.
e Upholding with the scaling of the backend avoids
query performance without the need of over-
provisioning of resources.

Furthermore, characteristics such as automatic clustering
and materialized views enhance query performance by caching
the query result set and thus eliminating the necessity for
regular DBA oversight.

4.4.3. Built-In Data Sharing
Data sharing plays a significant role in healthcare where
research institutions, payers, providers, and regulators are
constantly required to have the shared access to the important
datasets. Snowflake’s Secure Data Sharing feature permits
e Instant, data direct and easily accessible, and without
being duplicated, across businesses.
e Row and column-level filters preserve the
conformance to the rules of the HIPAA and GDPR.
e Development of data marketplaces and consortiums
for joint research and the establishment of
benchmarks.

In one example, a pharmacy chain and a hospital can share
the clinical trial data in a secure environment and avoid
duplication of work to speed implementation up, which will in
return make the data more accurate and will consequently drive
the quicker evolution of the innovation.
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4.4.4. Role-Based Access Control (RBAC)
Security is a top priority in the healthcare industry. Snowflake
has the drawback of enterprise-grade RBAC that gives detailed
permissions for:
e Schemas and tables to isolate clinical, administrative,
and research data.
e Columns to hide confidential identifiers.
e Roles associated with users based on their job
positions (e.g. doctor, analyst, researcher) and tied to
Active Directory or Okta for identity management.

The text above is an example of a short and fast message
delivering the expected information to the called person and
simultaneously being quite casual with the interlocutor

5. Interoperability Strategy Using Snowflake

In the increasing sector of healthcare, data interoperability
has changed from being optional to a must. Doctors, payers,
and researchers strive to mix insights from various electronic
health records (EHRs), medical devices, genetic archives, and
administrative systems needed on modern, flexible, safe data
architecture. Snowflake presents the perfect foundation for
developing a complete interoperability strategy with decoupled
compute-storage architecture, natural support for semi-
structured data, and advanced data-sharing features. This paper
addresses Snowflake's application in creating a schema-on---
read model for FHIR, connecting many data sources using
contemporary pipelines, reconciling patient IDs across
systems, and applying governance at scale.

5.1. Designing a Schema-on-Read Model for FHIR
FHIR (Fast Healthcare Interoperability Resources) is a
standard that empowers RESTful APIs and JSON/XML
formats for data exchange in healthcare. However, the data in
FHIR is very involved and the property of its tendentious
nature leads to complex and inflexible modelings. Snowflake's
schema-on-read approach with the help of the VARIANT data
type that it uses facilitates the input of raw FHIR bundles (for
example, Patient, Encounter, Observation) into the system
without the need to flatten this data upfront. Below is the
sequence of these operations:
e Enter FHIR JSON data into a VARIANT column first
of all that is in a staging table.
e Perform the SQL to parse and return the fields on
request (e.g., payload:resource:identifier[0]:value).
e Add the optional operation of flattening and keeping
the profiles into derived tables for analytics from your
side.

The model is the unchanged fidelity of the source data
which also includes easy retrieval and the ability to change a
schema with minimal rework. In particular, with this model,
developers can work quicker by foregoing the whole dataset
restructuring but simply creating a new section due to the new
field intro from the vendor or the FHIR spec.

5.2. Data Ingestion Pipelines: Fivetran, dbt, Kafka, and More
An interoperable data architecture in the field of healthcare
should be capable of accommodating the ingestion of both
batch and real-time data from diverse sources. Snowflake
provides this functionality by its integration with modern data
tools:

e Fivetran: A low-code fully managed connector
solution from Fivetran that automates major EHRs
and health systems, data extraction processes, and
loading of data into Snowflake. It is capable of
supporting, among others, delta ingestion, schema
change handling, and logging.

e dbt (data build tool): Once data is ingested, dbt, a tool
for version-controlled data transformations that are
written in SQL, becomes useful. It makes the data

models similar (e.g., common patient table,
standardized lab  results), documented the
transformation logic crucial for the patients'

understanding of the clinical aspect).

e Kafka: Kafka is a system used to deliver up-to-the-
minute data coming from myriad sources such as
wearable telemetry, admission, discharge events, or
lab results. Snowpipe Streaming or Kafka Connect
can be used to gather the Kafka streams that are
ingested into Snowflake, allowing almost real-time
analytics.

These tools have a combined force that helps to build an
adaptable, product-oriented, and thus, an automated data
pipeline. The pipeline shall keep data updated and
interoperable through different systems.

5.3. Harmonizing Data from Multiple EHRs (Epic, Cerner,
etc.)

Interoperability can be said to be the means of having data,
which is the essence of the EHR, normalized across the various
EHRs. Here, the schema, the terminologies, and the custom
fields are the problems that a data analyst may face. Snowflake
is so powerful in this task of inter EHR data harmonization
through:

e Staging layers: Each EHR (e.g., Epic, Cerner) is a
kind of a refinery for raw data, stuffed with its own
raw zone for data ingestion whereas the data is in its
native form.

e Standardization layer: Changes the raw data into a
common model by employing through mapping logic.

e In this way: Through the use of Snowflake tables,
different coding systems, such as ICD-10 and
SNOMED, are mapped to a unified vocabulary.

e Drug records that have different naming conventions
are standardized using RxNorm or NDC.

A combination of stored procedures, the permission,
implemented using dbt alone, has the ability to automate the
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process of harmonization without loss of control over the
lineage and transformations made. This strategic step then
leads to analytics, decision support, and research workflows
being adapted to the EHR source, providing access to the very
same set of data at the same point in time.

5.4. Handling Patient Identity Resolution

Patient identity fragmentation is a major obstacle in
interoperability, as it leads to the presence of numerous
identifiers for the same patient across different systems.
Snowflake enables identity resolution with its support of two
main search strategies that are of a probabilistic and a
deterministic nature:

e Deterministic matching: When exact attributes are
compared across unique identifiers such as MRNs,
national IDs, or insurance numbers. The use of fuzzy
logic based on name, date of birth, address, phone
number, and encounter history makes the algorithms
employed for these totally unsupervised methods.

e Probabilistic matching: Leads to the use of fuzzy
logic with the help of the name, date of birth, address,
phone number, and encounter history of a patient.
These are the core methods of these algorithms, which
can be implemented either by developing SQL
queries.

Identified identities are then kept in a Golden Record
table, and the ties to source identifiers are saved for
traceability. With Snowflake’s high usage and computer
power, the scaling of processes such as identity resolution
achieved across a large number of patient records is not an
issue.

5.5. Leveraging Snowflake Data Marketplace and Secure
Data Sharing

True interoperability not only requires integrating with data but
also collaborating on data. The following are the features of
Snowflake’s Secure Data Sharing and Data Marketplace that
help achieve these goals:

e Secure Data Sharing: Enables fast, no-copy sharing of
datasets between accounts in Snowflake. For
healthcare, the following is delivered: Providers can
share de-identified patient data with researchers.

e Payers and hospitals can align claims and encounter
data without duplicating sensitive records Clinical
trial sponsors can access observational data during
trial execution.

All sharing is governed by row-, column-, and object-level
security, thus ensuring HIPAA, GDPR, and other privacy-
related regulations are respected.

5.5.1. Data Marketplace

Enterprises can make publicly or privately available
datasets (like social determinants of health, provider
directories, formulary reference data) for in-house or third-

party use. Healthcare developers and data scientists can then
subscribe to these datasets and together with their local data in
Snowflake, they can quickly get the work done on the
particular.

5.6. Governance Frameworks with Snowflake Access Policies

For the success of interoperability to be achieved, there
has to be a system of robust data governance to make sure that
the users of the system can be sure of the security, trust, and
compliance they are getting. With Snowflake, the governance
toolkit is so in-depth:

® Role-Based Access Control (RBAC): roles like
Analyst, Data Steward, or Researcher can be defined
with specific object-level permissions.

® Row Access Policies: You can implement these using
particular, dynamic, and data-driven access rules e.g.
that patients from a designated hospital or care team
only have access.

e Dynamic Data Masking: The platform can abstract all
PII fields such as SSNs and email addresses unless
those fields have received their explicit consent to
appear in plain text.

® Object Tagging and Classification: You can define the
classifications of tables and columns as the ones that
are sensitive, regulated, or de-identified and in this
way you are able to use them in the setting of auditing
or to enforce policies.

e Access History and Lineage: It is now easy for people
to see each data item, which user grabbed a piece of
data and at what moment in time they made the
access—this is very crucial for firms to be able to hit
their compliance obligations and also helps in solving
crime efficiently.

These functionalities allow the tracking of the access of
governance at different levels of specificity, ensuring that the
application in the cloud is secure and management by policy is
automated, even in healthcare.

6. Data Quality, Privacy &  Security

Considerations in Snowflake for Healthcare

Trust is a vital and indispensable element in the healthcare
data ecosystem. In fact, as more and more cloud-based
platforms (Snowflake, for instance) are launched with the
purpose of integrating clinical, operational and research data, it
is the protection of data quality, semantic consistency, and
privacy, and the observance of regulatory requirements that are
the most important. To ensure the data lifecycle integrity that
makes the data available for ingestion, analysis, and sharing,
Snowflake has been equipped with the powerful features.

6.1. Ensuring Semantic Consistency across Data Sources
Such a basic thing in the healthcare domain as semantic

inconsistency is the main challenge of the healthcare data

management industry. It's when different systems represent a
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similar concept with wholly different sets of signs. For
instance, one EHR may name a lab test as "HgbAlc", whereas
a different system uses "4548-4" as LOINC code for the same
measurement.

The semantic consistency in Snowflake is maintained by the
following:

e Reference data mappings: Tables that link local codes
to standard terminologies (for example, SNOMED
CT, LOING, ICD-10, RxNorm).

e Transformation pipelines: By using dbt or stored
procedures, incoming data undergoes normalization to
a common clinical model or vocabulary.

e Metadata tagging: The classification of tables and
columns with standardized descriptors makes them
easily identified and facilitates their use in other
systems.

When the modeling stage is chosen for semantic
alignment, Snowflake allows for an accurate analytics and
machine learning process running on different data sources
such as Epic, Cerner, and payer claims.

6.2. HIPAA, HITECH, and GDPR Compliance
Snowflake is tailored for compliance with the chief data
protection regulations related to the medical sector, in
particular the following:
e HIPAA  (Health Insurance Portability and
Accountability Act): Ensures the safety of Protected
Health Information (PHI).
e HITECH (Health Information Technology for
Economic and Clinical Health Act): Strengthens the
HIPAA law and encourages the safe exchange of data.
e GDPR (General Data Protection Regulation):
Regulates the processing of personal data and grants
rights to individuals in the EU.

Snowflake basically complies with these regulations thanks to:

e Encryption: All data are protected from unauthorized
access thanks to the use of both the AES-256 and TLS
protocols which are the industry's standard and the
data are encrypted at rest and in transit.

e Access controls: The limitation of those people who
can see or manipulate sensitive information is done
with the help of role-based access control systems
which are quite detailed.

e Secure sharing: Secure Data Sharing, a feature of
Snowflake, leaves no copies of physical data during
collaboration and thus reduces the risk of disclosure to
the minimum level.

Besides, Snowflake’s HITRUST CSF, SOC 2 Type 11, and
ISO 27001 certifications assure healthcare organizations that
deal with sensitive or regulated data about the security status of
their data.

6.3. Data Masking, Tokenization, and Secure Views

To add further protection to sensitive data elements such as
patient names, Social Security numbers, or addresses,
Snowflake comes with multiple mechanisms that help keep the
privacy of data in place:

e Dynamic Data Masking: The administrators of
Snowflake are allowed to determine the rules for the
masks at the level of the column. According to the
user's role, PHI may remain in a full or partially
masked or a redacted state.

e Tokenization: During the ETL processes sensitive
identifiers can be encrypted to tokens and these tokens
will be stored in Snowflake. One of the most
significant advantages of this method is the fewer re-
identification risks especially in the situation of de-
identified data used for research or analytics.

e Secure Views: By developing, Snowflake views have
the option to exhibit only the data subsets that the
users are allowed to retrieve. These views are
supplied with filters pertinent to user roles and patient
consents come as read-only and prevent any inference
of underlying unauthorized data coming from the
users.

The controls contribute to compliance with privacy rules
resulting in PHI and PII being accessed only by the authorized
personnel, the latter in specially protected (from unauthorized
access) analytics environments.

6.4. Audit Trails and Monitoring in Snowflake
Transparency and accountability are mandatory in

healthcare data platforms. The audit capabilities built into

Snowflake are used for user activity tracking and for making

sure that the access policies are followed as well as for

compliance issues.

e Access History Views: Security teams can keep track
of the current situation using the ACCESS_HISTORY
and QUERY_HISTORY views that Snowflake
provides.

Who accessed which tables and columns?

When the access occurred.

Which client or IP address was used?

Object Tagging and Classification: Data security can

apply a tag for the sensitive data and then be able to

trace the data. Besides, masking policies and access
controls help ensure that the policy is executed
automatically.

e Integration with SIEM Tools: Security logs of
Snowflake are exportable to SIEM tools and
evaluation can be done there such as Splunk or Azure
Sentinel, which are used for the real-time detection of
threats.

e Alerting and Anomaly Detection: It is possible to set
up alerts to pick up on those anomalies that signify a
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breach e.g an analyst exploiting PHI out of his usual
work or downloading large datasets beyond the
standard workflows.

These are the most important audit capabilities for
documentation that a business is compliant, finding out about
violations and operational integrity, and the overall play of the
organization.

7. Case Study: Implementing Interoperability in

a Multisite Hospital Network
7.1. Background

A well-known medical care network functioning through
15 hospitals and a wide range of more than 60 specialty
medical clinics was confronted with growing problems as a
result of the broken data systems. Over time, the network had
developed through mergers and acquisitions which led to a
conglomeration of the five varied EHR systems, such as Epic,
Cerner, Allscripts, and Meditech which are off-the-shelf and
also a custom legacy application developed for in-house
purposes to meet specific needs. These different platforms
were responsible for the stifling of the potential for insights at
the system level, the deterioration of the data quality, and,
functionally for the prevention of both care coordination and
the implementation of research innovation.

7.2. Objectives
The drive had in place three main pillars that served as the
guidance for the initiative:

e Unified Clinical Reporting Creation of a solitary and
unambiguous source of truth for clinical KPIs and
quality metrics across all institutions regardless of the
original EHR.

e Research Readiness Provision of access to clean and
queryable datasets to enable the conduction of clinical
trials, academic research, and predictive modeling.

e Patient Journey Analytics Determination of end-to-
end patient movements comprising events such as
transfers from hospital to hospital, referrals to
specialists, and discharge outcomes for better
decision-making.

7.3. Architecture

Snowflake was the vendor of choice for the new solution,
mainly due to the fine attributes like unlimited scalability, the
ability to handle semi-structured data, and its excellent sharing
capabilities. The relevant technology was put in place in a
piecemeal fashion embracing the various areas of data
ingestion, standardization, storage, access control as well as
monitoring.

7.3.1. Data Ingestion Pipeline
A Data ingestion system was planned to support both instance
and batch feeds from the different EHRs:

e Fivetran as well as some operations which were
custom made have been ingesting such as
demographics, encounters, labs, and records of
medication.

o Apache Kafka captured also the real-time streams that
were more of events, like from the hospitalization
process (ADT) and the data resulting from the in-
hospital equipment.

e One of the tools available for processing and thus
operating with raw clinician notes was NLP (Natural
Language Processing) and we thus chose to use it for
the notes. It was later required to extract the concepts
using SNOMED CT mappings.

Every source of data reached the raw zone of Snowflake in
the original format, with information about the time of
ingestion and the origin of the data for tracking purposes.

7.3.2. Snowflake Setup
To develop a snowflake multi-warehouse architecture was
planned-

e Virtual warehouses were set up separately for the
different workloads like ingestion, transformation,
analytics, and machine learning.

o Role-Based Access Control (RBAC) was used as a
technique for maintaining the separation of the roles
of the ETL engineers, data scientists, clinicians, and
compliance officers.

e Dynamic data masking and row access policies were
made for the limitation of PHI access based on
department and job function.

7.3.3. Standardization to FHIR

In order to bring semantic interoperability, all clinical data
was first transformed into FHIR R4 resources by using
Snowflake's data type VARIANT. Also, the JSON bundles
were in between stages and at the same time were processed in
the course of dbt transformations and custom SQL scripts. The
key transformations consisted in:

e Mapping lab codes to LOINC.

e Converting diagnosis codes to ICD-10.

e  Aligning medications to RxNorm.

e Consolidating patient encounter histories across

facilities into a standardized Encounter resource.

Due to the FHIR-based structures, the flexible querying of
data was made possible; thus, the teams laid the groundwork
for the future agile API-based access.

7.4. Challenges Faced
7.4.1. Data Duplication

Because of the intersection of patient populations and, at
the same time, different integrations, duplicate data has
become one of the primary problems. It is not uncommon for a
solitary lab result to surface in multiple EHRs or be collected
through different interfaces. The team combatted the issue with
the help of:
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e Deterministic deduplication rules based on encounter
IDs, test timestamps, and source system prioritization.

e Golden Record principle of patient profiles ensures
that the latest data is used to create a clean copy of the
information but also the source-level details are not
lost.

7.4.2. Mapping Inconsistencies

There were cases when the codes of one system were not
correctly mapped. One of the examples was that the same
procedure can possess various CPT or custom codes. This led
to the risks of inaccurate and unreliable research reports. The
strategies were as follows:

e C(Creating a registry in Snowflake which is a vertical
representing the source of the standard system with a
description of mappings verified by a stewardship
committee.

e Developing testing using dbt to identify all records
that are not mapped or are shown up as unclear while
extracting, transforming, and loading data.

e Clinical informaticists had workshops regularly to
confirm the existing mappings.

7.4.3. User Access Control

The relationship between data accessibility and privacy
was really tough. Researchers wanted de-identified datasets
whereas operational users demanded complete visibility. This
was how Snowflake's native security solutions were utilized to
overcome this issue:

e Secure Views were the first alternative and they
showed filters of sensitive tables.

e Dynamic Masking Policies were the second option to
mask SSNs, names, and contact information.

e Row-Level Access Policies that were the last choice
were for local site users only, who could see only that
kind of data and nothing more unless they got the
bigger permission.

At the same time, audit trails and access history views had
been incorporated into the workflow to ensure governance
transparency and accountability.

7.5. Results
The use of the new feature had an impressive response from
users, who experienced valuable short-term gains:
7.5.1. Improved Reporting Efficiency
e New operationalized clinical dashboards replaced
more than 120 independent reports.
e Regulatory reports generated time was reduced from 5
days to 6 hours.
e  With the integration of Snowflake, medics had access
to real-time BI analytics.

7.5.2. Research Enablement
e 8 research projects went live in the first six months
after the launch of the platform.

e [t was possible for the data scientists to get their
models developed by browsing through the
standardized FHIR tables directly.
Secure Data Sharing offered by Snowflake allowed
the external academic researchers' access to those
Cleaned Data properly without data replication.

7.5.3. Cost Savings

e A §$1.2M in annual IT costs was saved by retiring
legacy ETL tools and on-prem databases.

e Infrastructure could be scaled as required without it
sitting idle; the credit goes to elastic compute.

e About 60% less data reconciliation work was
performed through manual means, which, in turn,
even left the analytics teams with more time for
strategic initiatives.

7.6. Lessons Learned

e Variability and imperfections In the beginning set the
governance. The achievability of both standardization
and access control has relied on well-defined policies,
competent data stewards, and the possibility of an
audit.

e Tone and voice Involving clinicians throughout
ensured there was correct mapping and trust was built
in the dashboard. Researchers not only defined but
also ensured the viability of the necessary datasets and
the usefulness of cohort definitions.

e Vocabulary and Complexity Also, Beginner While
FHIR brought the idea of a standard format of data,
the freedom to adapt on-the-fly was the main thing. In
the early stages, a joint schema was okay, as it would
lessen the friction that leads to the gradual
transformation of the process of normalization.

e Native Tools of Snowflake's Technology The
availability of Snowpipe, access history, masking
policies, and data sharing as built-in features
decreased the intervention of developers and the team
had the opportunity to focus more on tasks directly
relevant with the field of their research.

Early Identity Resolution Strategy Plan The patient
matching problem worsened with time. Early investment in a
robust identity resolution engine first was important to ensure
the maintenance of both data integrity and trust in analytics.

8. Conclusion & Future Outlook

In healthcare, disjointed EHR systems, many data formats,
limited scalability, and complicated governance demands have
hampered interoperability. These problems limit scientific
creativity, reduce clinical visibility, and limit the possibility to
provide tailored treatment across systems. Since Snowflake
provides a consistent platform that suits both structured and
semi-structured data, schema-on-read customisation, rigorous
security measures, and instantaneous data exchange without
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duplication, its cloud-native design has become rather
beneficial in this industry.

Healthcare firms may absorb and mix data from numerous
sources, standardize it into FHIR or other canonical models,
and enable a wide range of applications employing Snowflake
from consolidated reporting and operational analytics to
clinical research and machine learning. While decoupled
storage and compute design enables elastic scalability,
integrated technologies including dynamic data masking, role-
based access control, and audit trails guarantee HIPAA,
HITECH, and GDPR compliance.

As demand for interoperability grows, the healthcare
ecosystem is swiftly changing to vendor-neutral, cloud-native
solutions that can allow fast technical breakthroughs, promote
ecosystem-wide collaboration, and deliver financial efficiency.
Snowflake's platform-agnostics approach fits ideally for
linking payers, providers, researchers, public health agencies,
and consistent data architecture.

Still, current treatments are limited. Many systems rely on
batch-oriented  data  pipelines and  post-ingestion
standardization; these would not be sufficient for artificial
intelligence-driven care coordination or real-time analytics.
Furthermore, federated data access models—where data is
retained in situ but queried across different systems are still
under development even while Snowflake promotes significant
data sharing. Future healthcare interoperability will be driven
by improved AI/ML-ready data modeling covering structured
labeling, feature stores, and integrated model governance
inside the platform spanning Edge analytics which studies
patient data near the point of treatment federated learning
systems supporting data locality and privacy—and intelligent
interoperability layers driven by generative Al models. As they
allow the next generation of intelligent, connected, fair
healthcare systems, snowflakes and related technologies will
become even more vital.
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