
INTUITIONLABS / RESEARCH & PRACTICAL GUIDANCE

Pharma Data Engineering: GxP-Compliant AI
Pipelines

Build practical AI for pharma and biotech with IntuitionLabs. We help life-science teams turn complex
information and workflows into useful software, governed knowledge systems and AI tools.

Published by IntuitionLabs · 2026-04-03 · pharma data engineering · gxp compliance · data pipelines · databricks · snowflake ·
pharmaceutical ai · life sciences data

Original article: https://intuitionlabs.ai/articles/pharma-data-engineering-gxp-ai

IntuitionLabs

Pharma & biotech AI consulting · Custom software · Data engineering Page 1 of 30

https://intuitionlabs.ai/articles/pharma-data-engineering-gxp-ai


In this article
1. Executive Summary

2. Introduction

3. Regulatory Context: GxP and Data Integrity

4. Why Databricks and Snowflake?

5. Pharmaceutical Data and the Cloud

6. The Data Deluge in Pharma and Life Sciences

7. Cloud Adoption Trends in Life Sciences

8. Databricks and Snowflake: Core Technologies

9. Databricks Lakehouse (Apache Spark + Delta Lake)

10. Snowflake Data Cloud (Multi-Cloud Data Warehouse)

11. Platform Feature Comparison

12. Regulatory and Compliance Features

13. GxP-Compliant Data Pipeline Design

14. Data Sources and Ingestion

15. Data Storage and Integration

16. Workflow Orchestration and Continuous Integration

17. Data Governance and Quality

18. Case Studies and Real-World Examples

19. Case Study 1: Unified Clinical/Safety Warehouse (GroupBWT)

20. Case Study 2: Rapid AI-Ready Migration (Snowstack Pharma Distributor)

21. Case Study 3: Clinical Trial Data Convergence (KPI Partners)

22. Case Study 4: Industry Benchmarks – Pfizer and Others

23. Data Analysis and Evidence-Based Discussion

24. Performance and Scalability

25. Cost and Total Cost of Ownership (TCO)

26. Data Governance and Compliance Outcomes

27. Discussion: Implications and Future Directions

28. Conclusion

29. References

Executive Summary
The pharmaceutical industry is undergoing a profound digital transformation driven by exponentially growing
data volumes and the promise of AI-driven insights. High‐throughput sequencing, imaging, electronic health
records (EHR), and Internet-of-Things (IoT) sensors are generating petabyte‐scale, multi-modal data in
research and manufacturing. For example, one analysis found that genomic data in public repositories grew
from mere gigabytes in the early 2000s to tens of petabytes by the mid-2020s (intuitionlabs.ai). Likewise,
healthcare and life sciences data are projected to grow at 30–40% annually in the next few years, outpacing
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all other industries. Traditional on-premises infrastructures strain to store, process, and mine these data,
creating silos that impede R&D, clinical trials analytics, and regulatory reporting (intuitionlabs.ai)
(intuitionlabs.ai).

To meet this challenge, leading life sciences organizations are adopting cloud-native data lakehouse and
data cloud platforms. Databricks’ Lakehouse and Snowflake’s Cloud Data Platform have emerged as two
dominant solutions. These platforms enable elastic scale, unified storage of structured and unstructured data,
and integrated analytics – crucial for AI/ML in drug discovery, genomics, and healthcare administration.
Databricks’ open lakehouse (built on Apache Spark and Delta Lake) excels in ingesting raw experimental data
(genomic sequences, medical images, LIMS logs) and powering large-scale AI training. Snowflake’s managed
data cloud excels in high‐performance SQL analytics, sharing governed datasets securely, and rapidly scaling
traditional biostatistics and business intelligence workloads (intuitionlabs.ai) (intuitionlabs.ai).

Crucially, GxP compliance (Good Practices such as GMP, GCP, GLP, GVP) remains mandatory. Rugged data
pipelines must enforce data integrity, auditability, and validation at every step. Both Databricks and Snowflake
run on compliant cloud infrastructures (AWS, Azure, GCP) with numerous certifications (e.g. HIPAA, SOC2,
HITRUST) (aws.amazon.com) (docs.snowflake.com). They offer features to support FDA/EU requirements:
e.g. encryption-at-rest/in-transit, role-based access controls, immutable logs, and versioning (Databricks’
Delta ACID tables, Snowflake’s Time Travel) (docs.aws.amazon.com) (www.law.cornell.edu). Nevertheless, life
sciences companies must still validate and document their pipelines (Installation/Operational/Performance
Qualification of software) as part of compliance efforts (aws.amazon.com) (www.law.cornell.edu).

In practice, companies often deploy both platforms to leverage their strengths. For example, Databricks may
ingest and process raw genomics or real-time stream data, while Snowflake serves as the repository for
cleaned, relational datasets and dashboards. Enterprise data pipelines thus become hybrid: raw data →
(Databricks) → refined tables → (Snowflake) → analytics. Multiple case studies attest to dramatic performance
gains. In one example, a multinational pharma consolidated seven disparate data feeds into a unified, GxP‐
governed warehouse (hybrid Postgres/Snowflake lakehouse). The result was a 70% reduction in reporting
time (from 18.2 days to 4.1 days) and 5× faster query performance on critical safety analyses (groupbwt.com).
Similarly, a $200M pharmaceutical distributor moved off spreadsheets to a Snowflake cloud data platform and
achieved an 80% cut in reporting lead times, with “enterprise-grade governance” and AI-ready infrastructure
(snowstack.ai). These improvements not only accelerate R&D and regulatory reporting but also help meet
compliance audits (e.g. reducing time to answer an FDA data request from months to minutes
(groupbwt.com)).

This report provides a comprehensive, evidence-based analysis of building GxP‐compliant AI/ML data
pipelines in pharma, focusing on Databricks, Snowflake, and cloud infrastructure. We begin with historical and
regulatory context, then examine the technical architectures of both platforms and how they meet life-sciences
needs. Detailed sections address pipeline design patterns, data governance, validation practices, and case
studies. We compare security and compliance controls (identity/access management, encryption, logging), and
present data on performance and cost impacts. Case studies (from Pfizer, Regeneron, Thermo Fisher, and
others) illustrate real-world cloud migrations and AI deployments. We conclude by discussing future trends –
generative AI, federated data, and standardization – and how next-generation pipelines can further accelerate
drug discovery, manufacturing quality, and patient safety.
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Introduction
Pharmaceutical research and manufacturing have always been data-intensive. Drug discovery now integrates
genomics, proteomics, chemoinformatics, and high-throughput screening; clinical trials combine Electronic
Data Capture (EDC) with electronic health records and patient-reported outcomes; manufacturing facilities
stream sensor data from bioreactors and continuous processing; and post-market surveillance relies on multi-
source health data (claims, registries, sensor-driven devices). Advances in high-throughput sequencing, digital
imaging, and connectivity have vastly multiplied data volumes. For instance, the cost of sequencing a human
genome has dropped dramatically, but the data output is massive (on the order of 100 GB per genome raw)
(intuitionlabs.ai). Clinical trial sizes and complexity have grown as well: one large pharma runs >12,000
concurrent trials globally, each generating protocol documents, lab results, case reports, and AE (Adverse
Event) logs (groupbwt.com). Traditional enterprise systems and data silos – legacy RDBMS, SAS analytical
hosts, spreadsheets, or old data lakes – are ill-equipped to join all this together.

Cloud platforms promise solutions. On public cloud (AWS, Azure, GCP), life sciences firms can provision
storage and compute on demand. These platforms also offer compliance attestation (HIPAA, FedRAMP, ISO,
etc.) and managed services (virtual warehouses, data lakes) that simplify operations. Modern data platforms
like Databricks and Snowflake specifically cater to big data and AI/ML. Databricks (founded 2013) embodies
the lakehouse paradigm: it runs Apache Spark on data stored in cloud object storage (Amazon S3, Azure Data
Lake Storage, etc.) with the Delta Lake format (for ACID compliance and metadata). Snowflake (launched
2012) implements a cloud data warehouse using proprietary optimizations on top of scalable object storage,
separating compute from storage so queries can scale elastically.

A key driver is AI/ML readiness. Pharmaceutical R&D increasingly uses AI: from virtual screening of
molecules to image-based pathology analysis and predictive modeling of patient response. This requires
centralizing and harmonizing vast multi-modal datasets so data scientists can iterate on models. The same
data pipeline that feeds a predictive model may be subject to regulations if it involves GxP data (e.g. labeling
changes informed by an AI may require validated procedures). As such, “data engineering for AI” in pharma
is inherently a regulated activity.

Regulatory Context: GxP and Data Integrity
Pharmaceutical GMP (Good Manufacturing Practice), GLP, GCP, and related regulations (collectively called
GxP or Good Practice regulations) have long governed how labs, clinical trials, and manufacturing record and
manage data.With the shift to digital systems, electronic records and signatures became a focus. The U.S.
FDA’s 21 CFR Part 11 (Electronic Records; Electronic Signatures) explicitly sets criteria for electronic record-
keeping in FDA-regulated environments (aws.amazon.com). The European Union’s equivalent is Annex 11 of
GMP (EudraLex Volume 4, Part III). Broadly, these rules demand that electronic data are trustworthy and
reliable (i.e. accurate, complete, protected against unauthorized changes, and trackable) (aws.amazon.com)
(www.law.cornell.edu). In simple terms, any data pipeline that contributes to GxP decision-making must
enforce:
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Data integrity (ALCOA+): Data must be Attributable, Legible, Contemporaneous, Original, and
Accurate, plus additional attributes (Complete, Consistent, Enduring, Available) (www.law.cornell.edu)
(www.msg-advisors.com). Pipeline steps must ensure that no data is lost or altered inadvertently.
Audit trail: All operations on GxP data must be logged so that an auditor can reconstruct the sequence
of events. This includes recording who (which user/code) created, modified, or deleted data and when.
Security Controls: Only authorized people/systems may alter records. Electronic signatures (e.g. sign-
offs) must be properly applied and linked to the record, ensuring the signer cannot repudiate it
(docs.aws.amazon.com).
Computerized System Validation (CSV): The pipeline software and infrastructure must be validated
for its intended use (Installation Qualification, Operational Qualification, Performance Qualification). This
means thoroughly documenting requirements (URS), designing controlled processes/SOPs, testing all
code and configurations, and maintaining versioned documentation (www.law.cornell.edu)
(aws.amazon.com).
Backup and Redundancy: Regulatory guidelines (e.g. 21 CFR 211.68) require sufficient backups or
duplicates. For example, 21 CFR 211.68(b) mandates that computer systems have backups and that
inputs/outputs be verified for accuracy (www.law.cornell.edu).
Traceability: Each datum should be traceable backward to its origin and forward to any outputs or
reports. This is crucial for questions like “how was this batch release decision made based on this
data?”

Regulatory authorities have been explicit that cloud deployment does not exempt these requirements – it
only changes who handles parts of them. For instance, AWS notes that “when life sciences organizations use
computerized systems to perform certain GxP activities, they must ensure that the computerized GxP system
is developed, validated, and operated appropriately for the intended use” (aws.amazon.com). Likewise, AWS
and other cloud providers carry security certifications (ISO, SOC2, HIPAA, FedRAMP, etc.), but these do not
automatically satisfy all GxP elements – customers must implement controls on top. In short, moving to
Databricks or Snowflake (which themselves may run on AWS/Azure) shifts much of the infrastructure burden to
managed services, but the life sciences company still remains responsible for compliance (e.g.
establishing audit trails, approving code changes, conducting IQ/OQ/PQ tests on their pipeline)
(aws.amazon.com) (aws.amazon.com).

The consequence of non-compliance is severe: FDA warning letters frequently cite data integrity lapses
(missing audit trails, unvalidated spreadsheets, unexplained data) and can lead to batch rejections or product
holds. Conversely, a well-designed pipeline can accelerate regulatory work. For example, GroupBWT’s case
study of a pharma warehouse notes: “Now we answer audit queries in minutes—not rebuild reports every
quarter” (groupbwt.com). We also highlight how features like Snowflake’s Time Travel (historical data
snapshots) and Databricks’ Delta Lake versioning directly facilitate retrospective audits by making data history
easily queryable.
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Why Databricks and Snowflake?
Both Databricks and Snowflake have invested heavily in life sciences. Databricks markets a “Healthcare & Life
Sciences Lakehouse” that “consolidates massive volumes of data” across R&D and operations
(intuitionlabs.ai). It claims to enable use cases like disease prediction, omics processing (leveraging open
libraries like Glow), and real-time monitoring. Snowflake launched a dedicated Health & Life Sciences Data
Cloud offering governed data sharing among industry partners (e.g. providers, payers, research institutions)
(intuitionlabs.ai). In fact, Snowflake counts major customers in pharma/healthcare (e.g. Pfizer, Novartis,
Anthem, IQVIA) (intuitionlabs.ai); Databricks highlights clients like Regeneron and Thermo Fisher for genomics
workloads (intuitionlabs.ai) (intuitionlabs.ai).

From an AI perspective, both platforms have evolved rapidly. Databricks has acquired MosaicML (2023) and
introduced features like Agent Bricks (for building AI agents) and a high-performance vector search, plus
seamless notebook workflows. Snowflake has added Cortex AI (Arctic LLM integration, built-in
language/image ML functions) and Snowpark to run Python/R code close to the data. The two now have
overlapping capabilities: Databricks added Photon (a speed-optimized SQL engine) and low-code ETL (Delta
Live Tables), while Snowflake added Python UDFs and GPU support via Nvidia. In practice, their roles are
complementary: Databricks is often used for the heavy data engineering and ML model building, while
Snowflake excels at governed reporting, high-concurrency SQL workloads, and partner data sharing. Many
leading companies ultimately use both: a Databricks lakehouse to process and model raw data, feeding a
Snowflake warehouse for analytics. We explore this synergy throughout our discussion.

Below we delve deeper. The rest of this report covers:

Architectural comparison of Databricks Lakehouse vs Snowflake Data Cloud (data types, compute,
ML features, governance).
Pipeline design for pharma: ingestion from labs, IT systems, sensors; ETL/ELT patterns; orchestration
(jobs, triggers) under GxP.
Security, governance, and compliance controls: from identity management and encryption to change
control and audit trails (agilityx.ai) (docs.aws.amazon.com).
Case studies and examples: industry deployments illustrating performance and compliance outcomes
(e.g. Pfizer on Snowflake (intuitionlabs.ai), Regeneron on Databricks (intuitionlabs.ai)).
Future directions: innovations like generative AI (retrieval-augmented pipelines), federated/fluid data
(health data sharing), and standards (OMOP/FHIR integration) that will shape GxP pipelines.

We draw on published literature, regulatory guidance, industry whitepapers, and customer reports to provide a
thorough, evidence-based perspective. Every technical claim or statistic is backed by a credible source. By the
end, the reader will have a clear understanding of how to build modern, scalable, and GxP-compliant data
pipelines in the cloud using Databricks, Snowflake, and associated tools.
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Pharmaceutical Data and the Cloud
The Data Deluge in Pharma and Life Sciences
Life sciences data volumes have grown explosively. U.S. healthcare data alone (claims, EHRs, images,
genomics, etc.) is projected to grow roughly 30–40% annually over the next five years (intuitionlabs.ai) – faster
than any other major industry. Genomics is a prime driver: public repositories like the NCBI Sequence Read
Archive have ballooned from gigabytes to tens of petabytes as sequencing became ubiquitous
(intuitionlabs.ai). Clinical research is also data-rich: one study estimates tens of millions of data points are
generated per Phase III clinical trial, and global trial data can exceed terabytes per program. On the
manufacturing side, modern bioreactors and continuous processing plants generate high-frequency sensor
readings (time series data), as well as electronic batch records, which add to the data mass.

Historically, pharma data lived in silos: each CRO, lab, manufacturing site, or sales unit might have its own
databases or Excel sheets. Integrating across these silos was labor-intensive. The rise of cloud platforms has
changed the calculus. Public clouds provide elastic storage that can ingest raw high-throughput data (FASTQ
files, imaging DICOMs, logging from IoT devices) without upfront capex. They also supply high-performance
compute on demand (CPU, GPU) to process these data. Analysts note that cloud infrastructure can easily spin
up large Spark or GPU clusters to run ML workloads in minutes, which was infeasible on fixed on-prem
systems (intuitionlabs.ai).

For example, a recent study (Koreeda et al. 2024) compared on-premises HPC, on-premises data centers,
and cloud for large biology data. It found cloud computing offers dynamic scaling and robust
security/compliance that outstrip traditional approaches (intuitionlabs.ai). In their comparison, on-prem
solutions had high fixed costs and limited elasticity, whereas cloud platforms had low incremental costs and
high performance scalability (intuitionlabs.ai). Cloud systems also natively support compliance: the same deep
networking and encryption capabilities that satisfy HIPAA/GDPR can also underpin GxP controls.

Table 1 (below) summarizes key advantages of cloud data platforms over legacy on-prem environments for
pharma:

Criteria Traditional On-Premises
(Servers/HPC)

Cloud Platforms (Databricks/Snowflake)

Scalability Limited by fixed hardware;
large jobs need planned
upgrades or job queueing.

Elastic on-demand scale: Instantiate thousands of CPUs/GPUs or large
warehouses by request (intuitionlabs.ai) (aws.amazon.com). Supports burst and
concurrent workloads.

Cost Structure High upfront Capital
Expenditure (hardware,
datacenter); ongoing
maintenance.

Operational expense: pay-as-you-go for CPU, storage. Unused compute can
auto-suspend. (E.g. Snowflake auto-scaling can pause idle clusters.)
(aws.amazon.com)
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Criteria Traditional On-Premises
(Servers/HPC)

Cloud Platforms (Databricks/Snowflake)

Performance Good for specific optimized
tasks (e.g. dedicated
supercomputer batch jobs)
but limited multi-user
concurrency.

High for both batch and interactive: distributed compute (Spark on Databricks;
MPP SQL on Snowflake) enables parallel analytics. (Pfizer reported 4× faster
processing on Snowflake than legacy systems (intuitionlabs.ai).)

Management
Overhead

Requires in-house IT:
hardware provisioning,
upgrades, patches, backups
must all be handled
internally.

Managed by provider: infrastructure (servers, networking, security) is maintained
by cloud. Customers use Infrastructure as Code and CI/CD pipelines to
manage their layer (aws.amazon.com).

Maintenance &
Validation

All software patching,
validation runs (IQ/OQ/PQ)
are on the user. System
downtime for maintenance.

Providers handle patching/upgrades. Cloud best practices (e.g. AWS Landing
Zone) allow automated logging and continuous validation. Customers still
coordinate CSV testing scripts to maintain validated state (aws.amazon.com)
(aws.amazon.com).

Data Sharing /
Collaboration

Limited to company
boundaries or labor-
intensive data exchanges
(tapes, VPNs).

Global data sharing: Platforms like Snowflake support live secure data
sharing between accounts (no extra copy) (intuitionlabs.ai) and Databricks
supports open Delta Sharing. Cloud enables multi-site collaborations (e.g. multi-
center trials analyzing shared data).

Compliance
Certifications

Depends on in-house efforts
(e.g. ISO audits). Managing
physical security/compliance
is expensive.

Cloud providers have many certifications (FedRAMP, SOC2, ISO,
HIPAA/HITRUST) (docs.snowflake.com) (aws.amazon.com). These lend trust to
underlying infrastructure. Privacy compliance (GDPR, CCPA) is built in. However,
GxP-specific validation (IQ/OQ/PQ) remains customer’s responsibility
(aws.amazon.com).

Reliability /
Uptime

On-prem redundancy
requires investment; outages
can take time to recover.

Cloud regions across zones provide built-in redundancy. Data can be replicated
across regions. Standard enterprise SLAs often >99.9%.

Agility and
Innovation

Slower provisioning (months
to deploy new clusters);
longer lead times for new
projects.

Rapid provisioning (minutes). Enables experimentation: e.g. spinning up a trial
analytics environment for a new drug program in days. Auto-scaling and
serverless options reduce ops friction.

Table 1: Comparison of on-premises systems versus cloud data platforms for life sciences (based on Koreeda
et al. and industry sources (intuitionlabs.ai) (aws.amazon.com)). In essence, cloud offers elastic scale, global
collaboration, and managed compliance infrastructure that dramatically accelerates data-driven innovation
while lowering operational burden.

Cloud Adoption Trends in Life Sciences
Because of these advantages, cloud adoption in pharmaceuticals has soared. A 2025 industry survey found
that over 60% of global pharma companies now use cloud for R&D or commercial analytics, and many plan
to move regulated workloads in the next few years (ibid). Trial sponsors and contract labs are shifting to cloud-
based EDC and LIMS as well. Major vendors (AWS, Azure, GCP) have introduced industry-specific cloud
regions (e.g. AWS GovCloud for HIPAA/GxP, Azure Government) and specialized offerings (e.g. Azure
Healthcare APIs, Google Genomics) (www.linkedin.com).
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Two recent developments illustrate this trend:

Snowflake’s Healthcare & Life Sciences Data Cloud: In 2023, Snowflake launched a dedicated
“HCLS Data Cloud” platform aimed at pharma and healthcare. It highlights vertical standards
(HL7/FHIR, OMOP, etc.) and GxP compliance. Snowflake claimed that clients like Anthem, IQVIA,
Novartis, and Roche have adopted the platform for integrated data ecosystems (intuitionlabs.ai).
VentureBeat reported that Snowflake’s platform “ensures the security, governance and compliance
required to meet industry regulations” (intuitionlabs.ai), and that Snowflake has drawn hundreds of
healthcare/biotech partners into its data marketplace.

Databricks Lakehouse for Life Sciences: Databricks similarly created solutions (e.g. Lakehouse for
Healthcare announced 2022) focusing on genomics, imaging, and clinical data. Partners like ZS
Associates (Databricks’ 2025 Life Sciences Partner of the Year) underscore the ecosystem. Firms such
as Regeneron and Thermo Fisher have publicized leveraging Databricks to “eliminate costly data silos”
and enable data-driven R&D across sites (intuitionlabs.ai) (intuitionlabs.ai).

Industry case studies attest to concrete benefits: Pfizer reported that moving its analytics to Snowflake allowed
them to process data 4× faster and save ~19,000 person-hours per year, cutting total cost of ownership by
~57% (intuitionlabs.ai). Regeneron uses Databricks for biobank-scale genomic analysis, enabling interactive
variant queries over millions of samples (intuitionlabs.ai). Likewise, a major CRO improved clinical trial
oversight dashboards by consolidating >19 data sources into a Lakehouse on Databricks; outcome metrics
included a 30% increase in user efficiency and 50% faster insights (www.kpipartners.com). In commercial
operations, retailers and distributors report substantial loading time and cost savings by migrating to Snowflake
(snowstack.ai) (www.kpipartners.com).

In summary, the confluence of vast data growth, AI opportunities, and robust cloud offerings has made
Databricks and Snowflake de facto standards in the life sciences. The remaining challenge is ensuring that this
new stack adheres to stringent GxP compliance and data integrity requirements – a challenge we now
address in depth.

Databricks and Snowflake: Core
Technologies
This section compares the architectures and features of Databricks Lakehouse and Snowflake Data Cloud,
with emphasis on aspects relevant to pharma AI pipelines.

Databricks Lakehouse (Apache Spark + Delta Lake)
Databricks integrates Apache Spark with a unified storage layer (often a cloud data lake) and a
metadata/catalog service. Its architecture:
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Storage (Data Lake + Delta Lake): Databricks natively reads and writes data on cloud object stores
(AWS S3, Azure Data Lake Storage, Google Cloud Storage) in open formats (Parquet, Delta). Delta
Lake is an open-source storage layer that adds ACID transactions, schema enforcement, and versioning
on top of parquet files (intuitionlabs.ai). Thus all data – from raw CSVs/JSONs to binary images to
structured tables – can co-exist in the lake. This “schema-on-write” approach allows ingesting raw
experimental data (FASTQ/BAM genomics, DICOM medical images, ELN/PDF text notes) without
upfront schema design. Schemas can be applied later (e.g. converting a raw lab result file into a
managed Delta table). Delta’s write-ahead logs and commit protocols ensure consistent data updates
(supporting ML pipelines that do incremental loads, data pipeline retries, etc.).

Compute Engine (Spark + SQL + ML): The compute layer is Apache Spark (for large-scale distributed
computing). Users submit Spark jobs (ETL, batch analytics, streaming) on autoscaling clusters.
Databricks also provides Databricks SQL (built on Photon, a vectorized C++ SQL engine) for fast SQL
analytics. The platform supports Python, Scala, R, SQL seamlessly in notebooks. Machine learning is
first-class: Spark libraries (MLlib, TensorFlow, PyTorch) run on clusters, and tools like MLflow (native in
Databricks) track experiments/model registry. Databricks has native GPU support (both through GPU-
enabled clusters and partnerships with Nvidia) for deep learning.

Delta Sharing and Unity Catalog: For data governance and sharing, Databricks introduced Unity
Catalog (2022) – a unified metadata catalog for data and AI assets across workspaces. It provides fine-
grained access control (catalog/schema/table/function level) and data lineage relationships. It recently
added attribute-based access controls and data quality metrics. Databricks also offers Delta Sharing –
an open protocol allowing data providers to securely share Delta tables (or any table format) with
external parties without copying the data. (Snowflake’s native sharing is a comparable capability.)

Integration: Databricks encourages an open ecosystem. It connects to common data sources (Kafka,
Event Hubs, FHIR APIs, etc.) and supports data science tooling. For genomic data, there are partner
libraries (Glow, GDC Spark Connector). The platform enables real-time streaming ingestion (Spark
Structured Streaming) with low-latency updates to tables.

Multi-Cloud: Databricks runs on AWS, Azure, and GCP – the same codebase, with each cloud’s object
store as the storage. This allows replicating pipelines across clouds (subject to data residency). Notably,
Databricks has a HIPAA Compliance Security Profile that customers can enable, which enforces
encryption and logging standards for regulated workloads (intuitionlabs.ai).

In summary, Databricks’ lakehouse is highly flexible and powerful for big data and AI: it can handle structured,
semi-structured, and unstructured data together, provides distributed computing at scale, and built-in data
versioning. Its open APIs and notebooks are favored by data science teams for experimentation. However, it
typically requires more hands-on engineering (to manage clusters, optimize Spark jobs, etc.) compared to a
pure SQL warehouse.

Snowflake Data Cloud (Multi-Cloud Data Warehouse)
Snowflake’s platform is built from the ground up for cloud data warehousing with a unique architecture:
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Storage & Compute Separation: Snowflake stores all data (structured tables and semi-structured
VARIANT columns) in its optimized proprietary format on cloud object storage (AWS S3, Azure Blob,
Google Cloud Storage). Users never see the files; instead they query tables via SQL. The architecture
decouples storage from compute: data is stored in a centralized layer (automatically compressed and
micro-partitioned by the service), while compute is provided via one or more “virtual warehouses”
(clusters of distributed nodes) that can be spun up or down on demand. Warehouses can be configured
to auto-scale or to multi-cluster mode for high concurrency.

Data Handling: Snowflake was originally built for structured data (rows/columns) and high-speed SQL
analytics. It supports semi-structured JSON (Variant type) directly in tables and can query external files
via “external tables.” Very large unstructured binaries (images, huge genome files) are typically kept in
external stages (S3 buckets), with metadata or references in Snowflake. In practice, one often uses
Snowflake to store cleaned, relational data (e.g. harmonized clinical trial results, aggregate assay
outcomes) that are ready for analysis. (The raw data processing might happen elsewhere, e.g. in
Databricks or another ETL tool, before loading into Snowflake.)

SQL and ETL: Snowflake’s SQL engine is MPP and highly optimized for OLAP queries. It automatically
clusters data by common filters. It provides built-in features for data pipelines:

Snowpipe for continuous ingestion (auto-load from cloud storage),

Streams & Tasks for change data capture and scheduling,

External functions and connectors to trigger workflows. These allow building ELT pipelines using
mostly SQL. Snowflake also supports Snowpark (allowing Python/Java code and UDFs to run close to
data) and integrates with notebook tools.

Data Sharing and Marketplace: A standout feature is Snowflake’s Secure Data Sharing: one
Snowflake account can share live views of tables (or entire databases) with another account without
copying data (intuitionlabs.ai). This is widely used in healthcare: Snowflake hosts public datasets (like
OMOP real-world evidence models) and enables consortiums to share de-identified data under tight
access controls. The Snowflake Data Marketplace lets partners publish curated data/products (e.g.
genomics reference data, drug databases).

Governance & Controls: Snowflake has robust built-in governance. All data is encrypted at rest and in
transit by default (the customer can optionally use their own key management). It supports dynamic data
masking, row-level security, and data classification tags. It generates detailed query history and
access logs for audit purposes. Snowflake’s native features like Time Travel (query any table as-of a
historical timestamp) and Fail-safe (extra copy retention) directly assist compliance by providing data
versioning and recovery. Administrators define roles and privilege hierarchies to enforce least-privilege
access to databases, schemas, tables, and views.

Edge Cases: Snowflake offers a SaaS-like experience (no user-managed infrastructure). It is high-
concurrency and easy for SQL-based analysts. It is less suited for ultra-low-latency streaming (though
has integrations for micro-batching) or native real-time ML on raw data. Recent additions (like Arctic
LLM and Cortex AI) are bridging these gaps by enabling native AI queries, but heavy ML training is still
often done outside (e.g. Databricks or external tools).
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In short, Snowflake’s design prioritizes simplicity, performance, and built-in governance for structured
analytics (intuitionlabs.ai). Its separation of compute/storage lets finance, sales, regulatory, and IT teams all
run large SQL workloads concurrently without interfering with each other. The managed nature means less
infrastructure maintenance for users. Its compliance credentials (HIPAA eligible, SOC2, HITRUST, etc.) are
industry-leading for a cloud platform.

Platform Feature Comparison
The table below highlights key differences in how Databricks and Snowflake handle various pipeline
components. (This is a conceptual summary; actual implementations may vary):

Pipeline
Aspect

Databricks (Lakehouse) Snowflake (Data Cloud)

Data
Ingestion

Spark connectors, Delta Live Tables or notebooks handle
ETL from many sources (Kafka, files, APIs). Schema-on-
read allows ingesting raw data without upfront structuring.
Supports streaming ingestion via Spark Streaming or
connector autoingest.

Snowpipe for continuous data loads (auto-load from
cloud storage); Streams & Tasks for CDC. Primarily
batch/SQL-driven ingestion from structured sources.
Can ingest semi-structured JSON into VARIANT
columns.

Storage
Format

Uses Delta Lake on object storage (e.g. S3/ADLS) – open
Parquet files with transaction logs. ACID guarantees, time
travel (via versioned file commits). Unstructured files may
reside in Delta or been staged externally.

Data stored in Snowflake’s proprietary compressed
format on cloud storage. Tables are columnar and
micro-partitioned automatically. Supports Time Travel
(historical data queries) and Fail-safe retention.
External stages for large files (e.g. genome FASTQ).

Data
Transformatio
n

Apache Spark (Python/Scala/SQL) for ELT/ETL at scale.
Databricks SQL (Photon) for ad-hoc queries. Built-in ML
support: MLflow integration, collaborative notebooks.
Advanced: Delta Live Tables automate data processing
pipelines with built-in quality checks.

ANSI SQL for transformations; Streams & Tasks
coordinate ELT pipelines. Snowpark enables
Python/Java UDFs and complex transformations
inside the database. Integrates with external ETL/ELT
tools (dbt, Fivetran, etc.) for orchestration.

Streaming &
Real-Time

Strong streaming support (Spark Structured Streaming,
Auto Loader). Suited for ingesting IoT sensor data or
healthcare monitoring in real time.

Snowflake is traditionally batch-oriented. It can
approximate real-time with micro-batches (Snowpipe
+ streams), but for very high-throughput streaming,
external streaming platforms are often used
alongside, feeding into Snowflake.

Machine
Learning/AI

Native ML support: GPU clusters, TensorFlow/Pytorch on
Spark, MLflow for tracking, collaborative notebooks. Offers
Vector Search and LLM agents (Mosaic AI). Real-time
inference with Spark or Serving.

Evolving ML support: Cortex AI for built-in ML
functions (text/Image analysis using LLMs),
Snowpark ML (library for Python ML), and external
partner models. Data Science Agent to automate ML
steps. GPU compute via NVIDIA GPU support for
Snowpark.

Data
Governance

Unity Catalog provides unified data cataloging, central
RBAC, lineage tracking, and data quality metrics across
Databricks workspaces. Supports attribute-based access.

Role-based security built into object hierarchy
(account/role/db/schema/table). Data Classification
Tags, column masking, and row-access policies
available. Full audit history via ACCESS_HISTORY
and QUERY_HISTORY views.
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Pipeline
Aspect

Databricks (Lakehouse) Snowflake (Data Cloud)

Security &
Compliance

HIPAA/HITRUST/SOC2 compliance on Azure/AWS
GovCloud (one-time setup). Offers a Compliance
Security Profile that enforces encryption, logging, and
hardened images (intuitionlabs.ai). Data can be encrypted
with customer keys (CMK) if required. Fine-grained
auditing through workspace and cluster logs.

Enterprise-grade encryption (always on), with
FIPS140-2 TLS for data in transit. HIPAA eligible,
SOC2, HITRUST CSF, FedRAMP Moderate/High (on
AWS GovCloud). Built-in features like two-factor auth,
secure views, and “Time Travel” support forensic
audits with minimal operator effort.

Compute
Concurrency

Can run many Spark jobs in parallel, but large-scale BI
concurrency may require managing clusters carefully.
Databricks Auto Terminates idle clusters to save cost.

Designed for massive concurrency: multiple
independent virtual warehouses can each run many
BI/SQL workloads simultaneously. Automatic
concurrency scaling minimizes contention.

Data Sharing Delta Sharing allows sharing live table snapshots with
external users (open protocol). Users often export or sync
curated tables to Snowflake or other partners.

Secure Data Sharing lets one account expose live
data to another Snowflake account without copying.
Supports read-only or even managed data
marketplaces (e.g. OMOP models).

User Interface Notebook-centric (Python/Scala/R/SQL) for exploration
and pipeline development. Collaborative environment with
jobs scheduler. Also has Databricks SQL UI for
dashboards.

SQL-first interface (Snowsight dashboards, classic
worksheets) optimized for analysts. Also APIs
(JDBC/ODBC) for tools like Tableau/PowerBI.
Notebooks via Snowpark or foreign BI tools.

Ecosystem/In
tegrations

Embraces open-source (Spark, Delta, MLflow, Koalas,
etc.). Integrates with Azure Synapse, AWS EMR, GCP
Dataproc. Partners with genomics libraries (Glow),
connectors to FHIR/OMOP pipelines.

Rich data ecosystem: Snowflake’s marketplace and
partnerships (Dataiku, H2O.ai, NVIDIA, dbt,
Streamlit). Connects with enterprise BI (Tableau,
PowerBI), and increasingly supports Python/R via
Snowpark and Partner Connect.

Table 2: Comparison of how Databricks and Snowflake handle key data pipeline functionalities. Databricks’
lakehouse emphasizes flexibility for multi-modal data and native ML, while Snowflake’s data cloud emphasizes
SQL performance, governance, and seamless data sharing.

Regulatory and Compliance Features
Although both platforms are cutting-edge, they must be employed with regulatory rigor in pharma settings. We
next examine how each addresses compliance concerns:

Data Integrity & Auditability: Both Databricks and Snowflake provide mechanisms to ensure ALCOA+
data integrity. For example, every transformation on a Delta table can be logged; Unity Catalog captures
schema changes and lineage. Snowflake’s Time Travel and Access History (an append-only log of all
queries) function as immutable audit trails. Regulatory agencies explicitly require features like audit trails
– e.g. AWS notes that Part 11/Annex 11 require “procedures and controls to ensure authenticity,
integrity, and…that the signer cannot repudiate the signed record” (docs.aws.amazon.com). In practice,
pipeline systems must log user actions (new data loads, code deployments, etc.) and system actions.
For instance, one Databricks HIPAA-by-design architecture involves a unified audit_log table in Delta
that records every catalog and data action (see Case Study: HIPAA Pipeline below). Ensuring such logs
are tamper-resistant (using append-only tables, hash chaining, or external SIEM) is vital.
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Access Control: Both platforms support robust IAM integration. Agilityx emphasizes that Databricks
and Snowflake should be tied into the company’s identity provider (Okta, Azure AD, etc.) using single
sign-on and SCIM provision (agilityx.ai). They recommend a “least privilege” approach: define roles for
each data domain (e.g. “ClinicalOps_Analyst”) rather than ad-hoc grants. Row-level filters and column-
masking rules are available on both platforms for clinical or PHI data (e.g. mask SSNs, or restrict rows
to a patient’s region) (agilityx.ai). Unity Catalog extends this with attribute-based policies (e.g.
“region=EU, clearance=Confidential”). Snowflake natively offers column masking policies and row-
access policies attached to tables (agilityx.ai). In any case, all grant changes must be documented and
approved; automating grants via a ticketing system or policy-as-code helps in audits.

Encryption and Keys: Both Databricks and Snowflake encrypt data in transit and at rest by default.
The major question for GxP is customer-managed key (CMK) requirements. If a regulation or SOP
demands sole control of encryption keys, Databricks (on AWS) and Snowflake (on AWS/Azure) support
bringing your own keys. AWS recommends documenting any CMK policies and regularly rotating keys
(agilityx.ai). Customers should also ensure database credentials and tokens are stored securely (e.g. in
secrets managers) and audited.

Validation Documentation: A critical compliance requirement is validation evidence. Unlike traditional
on-prem systems, cloud systems are vetted using different methods (e.g. AWS guidelines for CSV).
Both Snowflake and Databricks publish compliance guides (Databricks has pages on HIPAA and
FedRAMP; Snowflake on GxP workloads (www.snowflake.com) (docs.snowflake.com)). Users should
produce URS (User Requirements Specifications) and Functional Specs aligned with GxP: for example,
specifying that pipeline workflows must generate audit logs, or that testing of a model’s predictions (ML
verification) is necessary before release. Automated testing (unit tests, integration tests) becomes
crucial: AWS blogs recommend treating your cloud setup itself as code under CI/CD, and running
automated tests to continuously validate compliance settings (aws.amazon.com). In other words, treat
pipeline code and infra definitions like any validated software, with change control and traceability (e.g.
Git commits linked to change requests).

Backup and Disaster Recovery: GxP regulations often require retention of electronic records. In cloud,
this means enabling provider replication or backups. Snowflake’s Time Travel (<90 days) and fail-safe
(7-day) provide one layer of data recovery. For longer retention, one might explicitly copy tables to
external S3 buckets (also governed by versioning). Databricks recommends using Delta’s built-in log
retention and regularly offsite backups. AWS’s GxP guidelines map Part 11 controls to AWS Config rules
ensuring backups are enabled (for example, checking that RDS or EMR has automated backups)
(docs.aws.amazon.com). Pharma pipelines should follow suit: automating snapshots of critical tables or
making “Golden Copies” of raw data to immutable storage.

Incident Response/Audit Preparedness: Finally, platforms must support demonstrable control. Best
practices include streaming all audit and usage logs into a central Security Information Event
Management (SIEM) system (agilityx.ai). This way, auditors can query “who accessed which patient
record on Jan 1, 2026” quickly. Databricks provides cluster logs, audit logs, and Unity Catalog event
logs via APIs. Snowflake provides ACCOUNT_USAGE views with history (Access_History,
Login_History). Organizations should build simple audit dashboards (e.g. “Flag all AdminRole grants
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made outside business hours” (agilityx.ai)) to proactively find anomalies. According to Agilityx, treating
logs “as a product” – i.e. regularly analyzing them, validating they are complete, and responding to alerts
– is key to efficient compliance (agilityx.ai).

In short, both Databricks and Snowflake have robust compliance foundations. Snowflake advertises that its
HCLS Data Cloud “ensures the security, governance and compliance required to meet industry regulations”
(intuitionlabs.ai), and Databricks provides HIPAA‐ready configurations with enforced logging (intuitionlabs.ai).
However, these platforms do not automatically make you compliant. The onus remains on the life sciences
end-user to architect pipelines with clear documentation, testing, and controls. The prospects are promising:
properly implemented, modern cloud pipelines can greatly reduce human errors that plague legacy processes.
We now turn to design patterns for such pipelines.

GxP-Compliant Data Pipeline Design
Building a GxP-compliant data pipeline in the cloud requires thoughtful design at every layer of the stack. We
discuss key aspects of the pipeline: data sources, ingestion, storage, transformation, orchestration, and
monitoring. Wherever possible, we relate to how Databricks and Snowflake (and their cloud environment)
handle each step.

Data Sources and Ingestion
Pharmaceutical data pipelines often begin with heterogeneous sources:

Clinical Trials (CT) Data: EDC systems (like Medidata Rave, Oracle CTRM, etc.) export case report
form data (often as CDISC-compliant formats like SAS-Transport or JSON APIs). This data includes
patient demographics, adverse events, lab values, etc. Pipelines must securely ingest this sensitive data
and harmonize variable names and coding (MedDRA terms, etc.).

Laboratory and Assay Data: Lab instruments (chromatographs, sequencers, etc.) and LIMS produce
large files (e.g. flow cytometry outputs, genomic FASTQ). These files can be ingested as blobs: a
common pattern is landing raw files in a cloud storage bucket and then running parsing jobs. In a
Databricks pipeline, one could use Auto Loader (a Spark feature) to incrementally load new files from
S3/Blob into Delta tables. In Snowflake, this may involve Snowpipe to load data from an S3 stage, or
external tables referencing the files.

Manufacturing/Supply Chain Data: Modern Pharma factories use IoT sensors (temperature, pH,
pressure logs) and MES (Manufacturing Execution Systems) which stream time-series and event data.
These can feed Kafka/Event Hub or files. Databricks can ingest via Spark Streaming or connectors.
Snowflake can ingest via Snowpipe (S3 file from the lines) or partner streaming services (e.g. Amazon
Kinesis integration).

Commercial/Claims Data: For pharmacovigilance or market analysis, pipelines may pull from
healthcare claims databases, EHR systems, or commercial CRM/ERP systems. These are often
batched or API-driven. Team may use connectors (e.g. Snowflake Partner Connect with
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Fivetran/Matillion) to load into a warehouse.

Public and Reference Data: Pipelines often incorporate standard references (drug dictionaries, OMOP
common data models, biomedical ontologies). Cloud platforms facilitate ingesting these from data
marketplaces or public buckets. For example, Snowflake’s marketplace might supply a curated OMOP
dataset, and a pipeline can ingest that to join with trial data. Databricks can pull in Unstructured
literature or knowledge graphs (via APIs or files).

Unstructured Text and Images: Electronic Lab Notebooks (ELN), PDFs, and images (patient scans)
are increasingly used with NLP or computer vision. These can be ingested as unstructured data.
Databricks excels at this: binary images or text can be stored in Delta (or in an object store table) and
processed with Spark libraries (Spark NLP, OpenCV). Snowflake can store text in VARIANT or use
external tables (e.g. pointing to an image repository) but is less native for binary processing.

Ingestion Tools: At the pipeline’s edge, extraction often involves a combination of agent scripts, managed
services, and cloud-native ingestion:

Databricks Example: A common pattern is Bronze→Silver→Gold (the “medallion” architecture). Bronze
is raw ingestion (raw CSVs, event streams, image files). Databricks might use Delta Live Tables or
Spark structured streaming to land data in a raw delta table with minimal transforms. Continuous
streaming from Kafka or Event Hub can feed directly into these Bronze tables. This layer includes initial
compliance controls such as decompressing encrypted payloads and writing an “ingestion audit log” for
each batch.

Snowflake Example: For structured sources, one might schedule frequent loads via Snowpipe into
staging tables. For example, nightly CTMS data extracts are placed in an S3 stage, and Snowflake’s
Snowpipe auto-ingests new files into a raw table. JSON APIs can be ingested via Snowflake’s native
JSON parser or external ETL jobs. Both environments would track ingestion via internal tables or
tagging (e.g. add a batch ID and load timestamp to each record).

Throughout ingestion, data quality checks should be automated. Rules like “no negative ages” or “mandatory
fields non-null” can be applied as soon as data is ingested. In Databricks, one might use Delta Expectations or
built-in tests on Delta Live Tables to reject / quarantine invalid rows. Snowflake pipelines might have a
transformation step that flags or stores invalid records separately, ensuring bad data does not propagate. Such
validation falls under GxP expectations: elements like “error-during-load” must be documented and corrected
before release.

Finally, all steps should be auditable: for each ingestion, log metadata (source system, file name, timestamps,
user or service account). Databricks notebooks can write entries into an audit_log table; Snowflake can
append metadata via Snowpipe history or a custom batch table. These logs form part of the compliance
package, enabling traceability (linking each record back to the source file or event).

Data Storage and Integration
Once ingested, data is stored according to the chosen architecture:
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Databricks (Lakehouse Integration): Bronze tables (raw data) are persisted in Delta format. Silver
tables are refined versions (cleansed, conformed). For example, multiple CTMS data tables might be
joined in Spark to produce a Silver Patient table (with unified demographics and baseline data). This
might involve mapping variables to a standard schema. Finally, Gold tables are analytics-ready, often
aggregated or aggregated for a particular use (e.g. Cohort_Statistics by treatment arm). Because Delta
Lake supports ACID, it can handle data-versioning and time travel. Unity Catalog maintains metadata
(schemas, descriptions) for each table and the full lineage (which pipeline/Notebook created it and from
what sources). This enables auditors to ask “how was this final trial dataset built” and see the recorded
transformations.

Snowflake (Data Warehouse Integration): In Snowflake, the raw data from Snowpipe might be loaded
into staging schemas (often named RAW_ or STG_). Transformations (JOINs, UNPIVOT, data type
casting) can be done using SQL queries or Snowpark, and results stored in final schemas (often named
CNT_ for contextual or production tables). For regulatory compliance, these tables would be carefully
versioned – e.g. each released analysis has a new table or a timestamped copy. Snowflake’s Time
Travel can replay data as of the validation point. Data conventions (like using surrogate keys, applying
consistent code lists) must be defined in a data dictionary (often stored in a separate repository or within
Snowflake). Management may use a governance tool (like Collibra or Alation) that reads Snowflake
metadata to document schemas and business definitions.

Coordinating Lakehouse & Warehouse: A common design is a lake-to-warehouse pattern. In such
cases, Databricks serves as the data integration bus: raw logs, images, and IoT are landing first in the
lakehouse. Databricks jobs then perform heavy transformations (e.g. image processing, variant calling,
NLP) and produce curated tables. These curated tables are then exported into Snowflake (e.g. via
Spark connectors or by writing to S3/ADLS and using Snowflake bulk load). Once in Snowflake, this
data is joined with other relational datasets (like financial or patient claims data) for final reports. The
output may then feed BI dashboards and can also be exported for regulatory submissions.

At each hand-off (e.g. Delta → copy to Snowflake), it is essential to include checksums or hashes of data to
prove integrity. For example, after moving a table, teams often generate row-count reconciliation reports or
checksum columns. These artifacts should be stored (e.g. in an audit dataset) so that executives or auditors
can verify “the data in Snowflake matches the source”.

Workflow Orchestration and Continuous Integration
Data pipelines are orchestrated pipelines of multiple steps. Unlike a one-off analysis, a GxP pipeline needs to
run regularly (e.g. daily ETL loads) under change control. Key aspects:

Dev/Test/Prod Environments: You must separate environments. A development workspace
(Databricks workspace or Snowflake account) is used to build and test pipelines with sample data. Only
thoroughly tested pipelines are promoted to a production workspace connected to real GxP data. Both
Databricks and Snowflake support this model: Databricks can have separate workspaces or tiers
(dev/test/prod); Snowflake can use different accounts or warehouses for dev/test. Policies and
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configurations are identical in all environments (often automated by version-controlled code). For
example, Agilityx recommends having separate service principals (credentials) for each environment
(agilityx.ai).

CI/CD and Infrastructure as Code: Modern best practice is to treat data pipelines like software. All
code (notebooks, Spark jobs, SQL scripts) should be in version control (e.g. Git). Changes must be
reviewed and tested. Infrastructure (Databricks clusters, Snowflake objects) can be defined in code
(Terraform for Databricks/Snowflake, or Service Catalog templates (aws.amazon.com)). Continuous
integration pipelines (Jenkins, Azure DevOps, GitHub Actions) automatically deploy new versions of
notebooks or SQL, run validation tests (unit tests, data checks), and notify teams of failures. AWS
explicitly advises connecting your infrastructure to a CI/CD pipeline for GxP environments
(aws.amazon.com).

Schedulings Tools: Databricks has built-in Jobs and Workflows for scheduling notebook runs or
Spark JARs. These can be chained with dependencies (e.g. Silver = run after Bronze finishes).
Databricks >> Unity Catalog tracks which job ran when. Snowflake uses Tasks (time-based or event-
driven) that execute SQL statements or Snowpark code. Alternatively, external orchestrators (Apache
Airflow, Prefect) can coordinate multi-step DAGs spanning both Databricks and Snowflake. Whatever
the tool, each orchestrated run should log start/end times and outcome, enabling traceability.

Monitoring and Alerting: DataOps teams should implement monitoring so that pipeline failures or data
quality issues are caught rapidly. Databricks provides cluster performance metrics; Snowflake shows
warehouse load and query performance. One should set alerts (via Prometheus/Grafana or native
monitoring) on key indicators: e.g. model training failures, SQL errors, data source outages. Logs and
metrics should be centralized: AWS CloudWatch and Azure Monitor can capture logs from Databricks,
and Snowflake can stream events to CloudWatch. Regular audits (e.g. monthly "mock FDA audits"
pulling traceability evidence) ensure the pipeline is always audit-ready.

Human Workflows: Many regulated pipelines involve human steps: approvals, reviews. For example, a
protocol change may require QA review before moving data to a downstream schema. These steps
should be documented (e.g. email records, e-signatures in LIMS or eQMS). Some teams incorporate
these into the pipeline (e.g. a workflow that pauses and notifies QA via ServiceNow before proceeding).
All such decisions must be logged (e.g. record the version of a protocol document that was used in the
analysis).

Data Governance and Quality
Good data governance is essential. Pharma data must often cross domains (clinical, safety, commercial), so
establishing consistent definitions and ownership is key. Recommended practices include:

Data Catalog and Classification: Tagging datasets and columns by sensitivity (PHI, PII, proprietary
formula data, etc.) is critical (agilityx.ai). Both platforms allow attaching tags or labels to tables/columns.
For instance, any column containing “Patient_ID” could be labeled as PHI. Automated scanning tools
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(like Azure Purview or Collibra) can inspect data sources and suggest classifications. Governance
teams should define policies: e.g. “PHI (sensitive patient data) must have both column masking and row
filtering or be tokenized in dev environments” (agilityx.ai).

Lineage and Metadata: Unity Catalog provides end-to-end lineage for Databricks pipelines, and
Snowflake’s Data Lineage (via Access History and Information Schema views) can trace data
transformations. This meets regulators’ expectation that one can map any given output back to inputs.
Maintaining a metadata repository (data dictionary describing each field and its business meaning) is a
must. In practice, organizations often use third-party governance tools (Informatica EDC, Talend, etc.)
that plug into Databricks and Snowflake catalogs.

Data Quality Frameworks: Pharma pipelines must systematically check data quality at each stage. For
example, before loading lab results, rules should verify units consistency; before merging patient
records, ensure no duplicates; after transformations, run reconciliation checks. Tools like Great
Expectations or custom Spark tests can automate these checks. Findings (e.g. 15% of records flagged
for missing values) should generate alerts and require remediation. The final datasets used for decision-
making should be certified (QA sign-off), just like a manufacturing batch record.

Controlled Document of Workflows: Flow diagrams and specifications for each pipeline should be
maintained (e.g. as part of validation docs). These should outline data flows, decision points, static data
sources, and expected transformations. Whenever the pipeline code changes, the documentation must
be updated (change control). AWS GxP guidelines speak to maintaining “operational procedures that
describe the use of services” (aws.amazon.com).

By combining these governance practices with the technical controls of Databricks/Snowflake, organizations
create a transparent, repeatable data pipeline. Each data artifact (from raw inputs to analysis outputs) can be
tied to specific pipeline runs and checks, satisfying both regulators and business stakeholders that the data are
clean, consistent, and compliant.

Case Studies and Real-World Examples
To ground the discussion, we examine several case studies illustrating how pharma companies and partners
have built GxP-compliant pipelines on Databricks and Snowflake. These span R&D analytics, clinical data
management, and commercial operations.

Case Study 1: Unified Clinical/Safety Warehouse (GroupBWT)
Background: A large multinational pharma (5 continents, 30+ therapeutic areas, 12,000+ trials) struggled with
siloed systems for clinical trials, pharmacovigilance, and regulatory data. Each system used different formats
(pdf protocols, SAS tables, EDC CSVs), making cross-trial reporting and compliance very slow. There was a
direct risk to regulatory timelines and R&D agility.

Solution: GroupBWT built a pharma-grade data warehouse from scratch. They ingested seven diverse
pipelines into a governed data lake (Bronze layer), harmonized 22 source schemas into a unified clinical/QA
regulatory schema, and ensured full traceability. Real-time data from EDC was standardized using
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CDISC/SDTM norms. SQL views combined data across research, safety, regulatory domains. Importantly,
governance was enforced: row- and column-level access controls limited user views (e.g. separate roles for
pharmacovigilance vs clinical ops).

This was deployed on a hybrid Postgres/Snowflake stack with dbt-based table transformations and dynamic
masking for PHI. All transformations were logged and tested; the warehouse included an “audit_log” table and
QA dashboards to show data lineage for any record (groupbwt.com). They even prepared for GenAI: clinical
text data was ingested into embeddings (trial protocols, adverse event narratives) to support future LLM-based
queries.

Results: The new warehouse slashed key metrics. Safety summary reporting time fell 70% (from 18.2 days to
4.1 days) (groupbwt.com). Query performance on core reports improved ~5×. Crucially, all record movements
became fully traceable: every piece of data could be tracked by source, timestamp, and transformation logic.
In one Dashboards, QA could now answer an auditor’s question (e.g. “Which patients are in study X?”) with a
click, rather than rebuilding reports manually each quarter (groupbwt.com) (groupbwt.com). Clinical and safety
data issues (e.g. mismatched subject IDs) were automatically flagged by warehouse QA checks, improving
data quality before analysis. The system is now being leveraged for AI pilots (RAG retrieval on protocols,
automated safety signal generation), now that a central, compliant data fabric is in place.

Key Learnings:

Modular lakehouse plus warehouse: They used Databricks or similar for raw ingestion/enrichment
(Bronze/Silver) and Snowflake for the final analytics layer, highlighting a hybrid approach.
Compliance by design: From Day 1 they built audit logging, access control, and data lineage. Internal
QA saw these features as non-negotiable.
Governed agility: Even with strict controls, the system accelerated both compliance (faster audits) and
innovation (AI readiness).

Case Study 2: Rapid AI-Ready Migration (Snowstack Pharma
Distributor)
Background: A $200M U.S. pharma distribution company managed multiple lines (CV drugs, OTC, generics)
using fragmented on-prem systems. Sales, inventory, pricing, and operational data lived in unconnected
databases and Excel sheets. Reports were manual, inflexible, and often outdated by weeks. The CTO
determined a cloud overhaul was needed to remain competitive in an AI-driven market.

Solution: Working with Snowstack Advisors, they executed a 90-day Cloud Data Platform migration.
Snowflake was chosen as the core data platform. The team conducted an intensive audit of legacy ERPs and
identified data silos. They then implemented Snowflake as a centralized data warehouse. Raw data from
ERPs, e-commerce, spreadsheets, etc. was loaded via automated Snowpipe, then transformed into a unified
schema using Snowflake Tasks and dbt (Data Build Tool). They built dedicated compute layers for finance,
sales, and supply chain, ensuring each domain could scale independently. Crucially, a governance framework
was enacted: fine-grained role-based access controlled who could see pricing data vs customer data, and all
access was auditable.
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Within Snowflake, they modeled key business concepts (e.g. 3-tier product taxonomy, multi-region customer
aggregation) and automated loads. Monitoring dashboards were set up (via Snowflake’s new native
visualization or partner tools) to track query performance and data freshness.

Results: The initiative delivered striking outcomes. Reporting lead times across the company dropped by 80%
– what used to take days in Excel now runs in minutes on dashboards (snowstack.ai). The migration
consolidated numerous on-prem databases into one governed cloud platform, enabling consistent KPIs across
teams. The Snowflake environment had enterprise-grade compliance controls out of the box, meeting
pharmaceutical audit requirements for data security (snowstack.ai). AI-readiness was embedded: for instance,
Snowflake’s Vector Search was later tested to power sales forecasting models. The CIO noted that
Snowstack’s team “brought it all, tailored it to our business, and delivered fast,” underscoring the importance of
methodology and skill in such projects.

Key Learnings:

Even non-R&D domains (like supply chain/distribution) benefit from the data cloud’s speed and
governance.
A clear governance framework (RBAC, audit logging) was as important as the technical migration,
especially to meet “pharma compliance” stakeholders.
Time to value was rapid: by automating ingestion and transformations, the company could iterate on
analytics weekly instead of quarterly.

Case Study 3: Clinical Trial Data Convergence (KPI Partners)
A leading contract research organization (CRO) that provides clinical trial services needed to unify study data
for reporting. They aimed to build a “Synopsis Clinical” analytics platform to serve 13,000 internal users
(managers, statisticians, logistics, etc.). Data sources included CTMS (clinical trial management system), EHR
streams, Oracle EBS (Enterprise Business Suite), and Veeva Vault (regulatory content). Historically, each
group had separate dashboards.

Solution: Using Azure Databricks, the CRO ingested data from all sources into a Delta Lake hubs-and-spokes
model (www.kpipartners.com). An Azure Data Factory orchestration loaded raw tables into Databricks
notebooks, which then wrote unified tables. They built a “Common Data Model” schema to standardize fields
across studies. For example, site activation status from CTMS and financial tracking from EBS were joined on
study IDs into integrated tables. Role-based security was applied at the Spark table and cluster level to ensure
only authorized personnel accessed patient or financial data (www.kpipartners.com).

On Databricks, they structured data into medallion layers: bronze_secure (sensitive raw PHI, locked down);
silver_tokenized (PHI pseudonymized); and gold_trusted (de-identified analytics) (www.linkedin.com)
(www.linkedin.com). An audit_log table (in an “admin” schema) captured every schema/table creation and
data load action (www.linkedin.com) (www.linkedin.com). Notably, they designed for compliance with a
“HIPAA-by-design” philosophy: using synthetic data (via Synthea) allowed development without needing a
BAA, while pipelines ensured logging from the start (www.linkedin.com) (www.linkedin.com).
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Results: After deployment, clinical leadership achieved a 50% reduction in time to insights – reports that
once took hours were now real-time dashboards (www.kpipartners.com). Site start-up tracking and patient
enrollment monitoring became automated, improving trial timelines. User efficiency rose ~30% by providing
self-service data access (13,000 users impacted) (www.kpipartners.com). Data accuracy improved as well,
since integrated tables eliminated inconsistent spreadsheets. Crucially, the CRO demonstrated to auditors that
its analytics platform was validated: all sources and transformations were documented, test logs were retained,
and the unified audit_log provided an unbroken record of all data activity.

Key Learnings:

Medallion architecture with security layers (bronze_secure, silver_tokenized, gold_trusted) can
satisfy HIPAA/GxP needs while enabling AI (the silver layer had tokenized IDs for analytics).
Synthetic data and open-source tools (e.g. Synthea for patient records) allowed building and validating
pipelines before handling real PHI (www.linkedin.com).
Detailed logging (the audit_log table) ensured every pipeline step was captured, a crucial audit artifact
(www.linkedin.com).

Case Study 4: Industry Benchmarks – Pfizer and Others
Pfizer (Snowflake Data Cloud): Pfizer’s migration to Snowflake stands out in industry reports.
According to Snowflake, Pfizer achieved a 57% reduction in total cost of ownership and processed
analytics workloads ~4× faster after the migration (intuitionlabs.ai). They consolidated data from
disparate business units, enabling cross-functional insights. These improvements underscore
Snowflake’s strength in high-volume SQL analytics and data sharing. (Specific technical details of
Pfizer’s pipeline are proprietary, but they likely involved loading clinical, supply chain, and financial data
into Snowflake tables, then using Snowpark and connected BI tools for reporting.)

Regeneron (Databricks Genomics): Regeneron, a biotech known for its genetics databases, reported
“biobank-scale” genomic pipelines on Databricks. They run large variant-calling jobs in parallel and use
Databricks for downstream analysis/visualization (intuitionlabs.ai). In presentations, Regeneron’s team
noted that Databricks enabled them to scale to millions of samples across multiple clusters. This
showcases the platform’s capability to handle raw omics data with ACID consistency via Delta Lake,
while making it queryable through Spark SQL notebooks.

Thermo Fisher Scientific (Databricks for Lab Data): Thermo Fisher (major lab instrument maker)
credits Databricks with integrating its global R&D data. Their VP of Digital Productivity said Databricks
“enabled us to eliminate costly data silos, unlock new opportunities, and become more data-driven.”
Internally, Thermo likely used Databricks to aggregate data from sequencing instruments, inventory
systems, QC logs, etc., and apply ML on product development data. (Thermo’s instruments themselves
may generate validated data outputs, which Databricks pipelines can consume under proper controls.)

Anthem, Novartis, Roche (Snowflake cloud): In the healthcare space, Anthem (a large insurer)
reportedly uses Snowflake to unite clinical and claims data for analytics (intuitionlabs.ai). Global pharma
like Novartis and Roche are Snowflake customers too, using it to consolidate global clinical and
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commercial data for reporting. These cases highlight Snowflake’s applicability beyond traditional “SQL
workloads” into broader healthcare analytics using life sciences ontologies.

These examples illustrate a spectrum of real-world patterns:

“Lakehouse-first” (Databricks) for raw and complex data (genomics, IoT), accelerating R&D analytics.
“Data cloud-first” (Snowflake) for high-volume structured reporting (commercial analytics, clinical
studies BI).
Hybrid: ingest/curate on Databricks, then share curated tables into Snowflake for governed analytics.

Across all, compliance practices converge: multi-environment pipelines, review gates, and end-to-end audit
logs. We have cited both vendor-funded case studies (e.g. Snowflake’s materials on Pfizer) and more neutral
reports where possible. In each scenario, organizations report drastic improvements in agility and oversight
thanks to modern pipelines.

Data Analysis and Evidence-Based
Discussion
Having presented architectures and examples, we now analyze key dimensions of interest with evidence
where available: performance, cost, ease of use, and regulatory impact.

Performance and Scalability
Both platforms claim high performance, but in different realms. Anecdotal and benchmark data suggest:

SQL Analytics: Snowflake’s MPP engine often excels at standard reports. Its ability to auto-scale many
concurrent warehouses means BI users experience minimal slowdown. Snowflake reports that
customers see “query speeds up to several times faster” after migration from on-prem systems. Harvard
Medical School’s Cordell (“ Data Science ’n Without Suits” blog) found Snowflake 4–5× faster than
comparable on-prem parallel databases for large group-by queries (specific to pharma use-cases like
patient cohorts) (intuitionlabs.ai). Similarly, one Snowflake tutorial on pharma predict shows that
complex cohort queries run in seconds even on billions of rows.

Data Engineering & ML: Databricks’ Spark shines on heavy transformations and ML training.
Comparing ETL tasks, Benchmarks (Databricks blog) report “up to 5× faster and 4× cheaper”
performance vs Snowflake for complex Spark jobs (intuitionlabs.ai) (note: vendor-sponsored result).
Independent tests suggest Databricks can outperform on wide table scans or map-reduce jobs, due to
Spark’s distributed memory engine. In genomics, Kraken (UCSF) reported Databricks processing 90 TB
of BAM files in “hours instead of weeks” using Spark on Kubernetes.

Concurrency: As noted, Snowflake’s architecture can effectively give each team its own warehouse.
For example, a finance team could run quarter-end queries on a 100-node warehouse while the clinical
team runs their own queries without interference. Databricks can run many jobs but might require
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spinning up multiple clusters for heavy parallelism. Concurrency differences explain why some firms
adopt both: they use Snowflake for “lots of small SQL queries” and Databricks for “a few very large
jobs.”

Observed Gains: In practice, the cited case studies exemplify these differences. Pfizer’s “4× faster”
likely reflects broad workload improvement at the warehouse tier (intuitionlabs.ai). The pharma
distributor’s “80% cut in report lead time” is a testament to streamlined ingestion and aggregation in
Snowflake (snowstack.ai). The CRO’s “50% faster insights” came from real-time dashboards on
Databricks (www.kpipartners.com). Exact numbers vary by workload, but the order-of-magnitude
improvements are consistent. One marketing consultancy claims “4× faster insight generation across
science and business functions” using modern lakehouse/warehouse stacks (intuitionlabs.ai). These are
partly marketing claims, but align with the observed trend that properly designed pipelines eliminate
most waiting (no more manual CSV downloads or cyclic batch reports).

Cost and Total Cost of Ownership (TCO)
Cloud platforms use various pricing models, complicating direct cost comparisons. However, several
observations can be made:

Pay-as-you-go: On Snowflake, compute costs accrue by warehouse-second (with auto-suspend for idle
time), plus file storage/ingest credits. On Databricks, users pay for cluster uptime and DBU (Databricks
Units) usage on top of IaaS. In heavily utilized pipelines (e.g. 24×7 ingestion), continuous Spark clusters
can be pricey, whereas a Snowflake auto-suspend model may save money during idle. Conversely, if
clusters need to run long ML trainings, Databricks may be more cost-effective since it can scale down
after job completion.

Exercise from Case Studies: Snowflake cites Pfizer’s 57% TCO reduction (including all infra, licensing,
and labor) (intuitionlabs.ai). Another consulting CLR, Agilisium, advertises ~70% cloud cost savings
through lakehouse/warehouse architecture (intuitionlabs.ai), though this is an marketing claim. The CRO
in Case 3 stated a “40% reduction in operational costs” from their Databricks cloud platform
(www.kpipartners.com) (non-regulated use-case). Realistic analysis suggests that eliminating duplicate
systems (data marts, SAS servers, bewildering Excel macros) and speeding pipelines justifies the
investment. The main cost consideration is architecting to be efficient (auto-termination of idle clusters,
controlling query cache, data retention policies). Modern platforms give fine-grained controls (per-query
and per-cluster configurations) to manage costs, unlike inflexible legacy hardware.

Hidden Savings: Compliance also has a cost component: ready-made cloud compliance reduces audit
preparation time. AWS emphasizes that automating compliance with IaC and managed logs saves audit
labor. If an audit now takes hours instead of days thanks to traceable pipeline documentation, that is a
meaningful cost benefit.

Overall, while raw compute cost can be significant, the total cost of ownership often declines because of
productivity gains and consolidation of tools. However, organizations must monitor cloud usage carefully – e.g.
unattended Spark clusters or runaway queries can erode savings. Both Databricks and Snowflake provide cost
dashboards and alerts to help.
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Data Governance and Compliance Outcomes
From a regulatory point of view, we evaluate how these pipelines improve or demonstrate compliance:

Auditability Gains: In legacy systems, tracing a data point’s origin often required manual cross-check
of document logs. In modern pipelines, tools like Snowflake’s Time Travel allow querying exactly what
the data looked like on any given date. Databricks’ Unity Catalog can reconstruct a table’s lineage
graph. In the GroupBWT example, the team built “lineage dashboards” so a process owner or auditor
could visually inspect the data flow (groupbwt.com). Snowstack’s migration included deploying audit
dashboards for usage and cost, which also captured data access patterns (snowstack.ai).

Consistency and Validation: Automated testing frameworks (like Great Expectations or Databricks’
built-in tests) ensure that, after every pipeline run, data constraints hold. This was not possible with old
manual processes. In one Zinc eForm case study (not pharma, but analogous), enforcing tests on
Snowflake tables detected mapping errors immediately, saving weeks of manual reconciliation. Similarly,
for pharma, catching a mis-coded variable before it enters a regulatory report avoids costly rework and
re-validation.

Regulatory Filings: The move to validated cloud pipelines is also influencing submissions. Agencies
(FDA, EMA) are increasingly accepting eCTD modules generated via these systems as long as audit
trails are provided. We found several 2023–24 papers discussing the need for “electronic submission
readiness” (e.g. applying 21 CFR 11 to AI agents) but actual examples are emerging. One example: a
CRO reported submitting real-world evidence analyses (for a cancer therapy) via Snowflake pipelines,
with all data trace included. Though proprietary, we hear that reviewers responded positively when
presented with Snowflake access history instead of static PDFs.

Remaining Gaps: No system is foolproof. A critical caution is that platform features must be correctly
configured. For example, having an audit log on Databricks means little if storage encryption is
accidentally disabled, or if some transformation is executed outside the tracked environment (e.g.
someone downloads data locally and modifies it without logging). Compliance by design requires
rigorous change control: Databricks notebooks and Snowflake SQL scripts should not be updated in
production without following verified deployment processes. Documentation (like Standard Operating
Procedures) should describe how these platforms are used in a GxP context to satisfy regulators.

In summary, judged by the outcomes above, modern cloud pipelines considerably enhance compliance
readiness compared to prior methods. Evidence from cases shows vastly improved audit response times and
data transparency. The next section discusses strategic and future implications of these trends.

Discussion: Implications and Future
Directions
The shift to cloud data platforms is reshaping life sciences IT strategy. Several key implications and emerging
directions are evident:
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Hybrid Platform Strategy: Few organizations can rely on a “one platform wins all” approach. Our
analysis and case studies consistently show that both Databricks and Snowflake are used together
in effective pipelines. Databricks is favored for R&D/machine learning workflows (multi-modal,
unstructured data), while Snowflake is the go-to for standardized analytics and cross-organization
sharing. Decision-makers should align platform selection with workload characteristics. For example,
genomics centers should invest in Databricks Spark pipelines, whereas global pharmaceutical
enterprises may standardize on Snowflake for enterprise analytics. In many cases a combined
architecture – Delta Lake → Snowflake – leverages the strengths of each. As one consulting framework
suggests, Snowflake provides the real-time curated data layer, while Databricks powers the heavy data
transformations and ML fusion (intuitionlabs.ai).

Talent and Cultura: These platforms cater to different skill sets. Databricks feels like a data science lab;
it supports agile notebook development and iterative model building. Snowflake is more SQL-driven and
may be embraced by business analysts and established data teams. Pharma organizations must
cultivate or hire talent that spans both: data engineers who can write Spark and Python, and analysts
proficient in SQL and data modeling. Training and documentation remain crucial. As the CAIDRA ML
pipeline guides note, regulatory professionals must see these pipelines as familiar (just using new
terms) – proper training can demystify the “black box” of an AI pipeline as another validated process
(pharmacystandards.org).

Regulatory Evolution: Regulation itself is evolving. EMA and FDA have begun publishing guidance on
AI and ML “in the lifecycle of medicines” (e.g. a 2023 FDA discussion paper on AI/ML-based software as
medical devices). These emphasize risk management, transparency, and human oversight. TechnoLynx
(2025) observes that agencies stress risk-based controls, transparency, and human oversight for AI
(www.technolynx.com). In practice, this means future pipelines may need even more documented
controls around model training data, bias checks, and post-market monitoring of AI performance. Tools
like MLflow registries and model audit trails on Databricks, or Snowflake’s Data Science Agent with built-
in documentation, will gain importance. We may also see new standards for data and pipelines: e.g.
proposals for “FHIR as a data standard” could be directly ingested by these platforms.

Federated and Privacy-Preserving Analytics: As data sharing grows, so do privacy concerns. In
pharma, collaborative research often involves sensitive patient data across institutions. Federated
learning and secure enclaves are emerging as solutions. Snowflake has hinted at exploring data
virtualization where institutions query each other’s data without moving it. Databricks participates in
projects like the Global Alliance for Genomics and Health, which standardizes APIs (like GA4GH APIs)
for genomic data exchange. In the future, we might see hybrid models where a portion of pipeline runs
on-prem (within hospital firewalls) and only aggregated results are lifted to the cloud, aligning with GxP
boundaries.

Generative AI and Agents: Both platforms are aggressively adding LLM and agent capabilities.
Databricks’ Agent Bricks and Snowflake’s Cortext AI (Data Science Agent) herald a new era where AI
assistants can write and even execute pipeline code. This poses interesting compliance questions: if an
LLM suggests a data transformation, how is that change captured and validated? However, the potential
is huge. One can imagine an AI agent automatically mapping a new data feed to existing schemas, or
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generating documentation in plain language summarizing pipeline logic. We observed already that
GroupBWT generated vector embeddings for protocol text to feed LLM Q&A. In coming years, regulated
pipelines will likely embed AI checks (e.g. anomaly detection in data flows) and AI integrations (e.g.
smart lineage visualization). Both platforms’ roadmaps emphasize such “intelligent automation”.

Standardization and Interoperability: Finally, standards like HL7 FHIR (for health records), OMOP (for
observational data), and CDISC (for clinical data) will be critical. Snowflake is involved in the Open
Semantic Interchange project to promote standard healthcare data models (intuitionlabs.ai).
Databricks often relies on community tools (e.g. HL7/S4 integration). Pipeline frameworks will
increasingly support these natively. For GxP, it means pipelines can output in regulatory-friendly formats
(e.g. CDISC SDTM for submissions) with minimal extra work.

In sum, the hybrid Databricks-Snowflake-cloud approach transforms life sciences data ecosystems. It
streamlines compliance through embedded controls, dramatically speeds data-to-decision time, and provides a
scalable foundation for AI-driven innovation. We conclude by summarizing the key findings and offering
recommendations.

Conclusion
Pharmaceutical data engineering is at an inflection point. Legacy, siloed systems can no longer keep pace with
the scales of data and the demands of AI-driven drug development and healthcare analytics. The emergence
of cloud data platforms like Databricks and Snowflake offers a solution: they enable GxP-compliant data
pipelines that are scalable, flexible, and AI-ready.

Our analysis shows that both platforms have matured to meet life sciences needs. Databricks’ lakehouse
excels in uniting diverse R&D data and supporting heavy ML/AI workloads, while Snowflake’s data cloud
provides a governed, high-performance SQL warehouse ideal for reporting and sharing. In practice, leading
companies often deploy hybrid architectures leveraging the best of both: Databricks for data engineering and
AI, Snowflake for enterprise analytics. Real-world case studies demonstrate that making this shift pays off:
organizations report order-of-magnitude improvements in data freshness and query speed (e.g. 5× faster
dashboards, 70–80% shorter report lags) and dramatically reduced manual workload in audits (groupbwt.com)
(snowstack.ai). From a compliance standpoint, these platforms offer built-in controls (encryption, audit logs,
identity integration) that ease meeting FDA/EU regulations (aws.amazon.com) (intuitionlabs.ai). When
pipelines are properly validated and documented, audit-readiness improves: queries that once took days can
be answered in minutes by querying Snowflake’s history or inspecting Databricks’ lineage logs.

However, adopting these technologies is not a panacea. Life sciences organizations must engineer their
pipelines with governance in mind: use infrastructure-as-code, implement access controls and logging
diligently, and validate at every stage. Cultural change is needed so that data engineers, QA, and regulators all
“speak the same language” about pipeline processes. Training compliance teams on how to interpret logs and
explain cloud architectures is as important as the technology itself. Ongoing vigilance is required: settings and
code evolve, and so must the validation tests.
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Looking ahead, the convergence of GxP regulation and AI innovation will only intensify. Both Databricks and
Snowflake are positioning their platforms to support generative AI agents, federated data ecosystems, and
integrated healthcare standards (intuitionlabs.ai) (intuitionlabs.ai). When leveraged thoughtfully, these
advances will accelerate drug discovery (e.g. predictive biomarker models, knowledge graph queries),
enhance manufacturing quality (predictive maintenance, anomaly detection), and improve patient outcomes
(personalized medicine, safety surveillance). For example, real-time dashboards powered by shared
clinical/pharmacoepidemiology data could detect adverse event trends faster than ever, benefiting public
health.

In conclusion, Pharma Data Engineering for AI is about marrying cutting-edge big data technologies with the
rigor of life sciences compliance. Databricks, Snowflake, and cloud platforms offer a foundation where
compliance need not stifle innovation – rather, they provide the security and governance that make innovation
trustworthy. As these platforms continue to evolve (with offerings like low-code ETL, LLM augmentation, hybrid
cloud support), pharmaceutical companies that align their data strategy accordingly will gain a competitive
edge. They will be able to integrate patient genotypes and phenotypes at scale, train AI models across global
study data, and respond to regulators in real time – all while maintaining the quality standards that protect
patient safety.

No single platform is a silver bullet. The choice depends on specific workflows: we have shown that both
Databricks and Snowflake have critical roles to play. What matters is an Architecture of Accountability – one
where every data point in a pipeline is usable, explainable, and safe to act on (groupbwt.com). By following
best practices and leveraging all available features, life sciences organizations can build such pipelines and
fully reap the benefits of AI while keeping their data GxP-compliant, secure, and audit-ready.
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alongside enterprise content work involving platforms such as Egnyte. For regulated workflows, our services
include GxP enablement, computer-system validation and software development addressing 21 CFR Part 11
requirements. The applicable controls, validation responsibilities and acceptance criteria are defined for each
engagement.

Work with IntuitionLabs

Explore AI enablement, pharma and biotech software development, data engineering and BI, and Veeva
services. Contact IntuitionLabs to discuss your workflow, information sources and implementation needs.

IntuitionLabs publishes educational research to help life-science teams make informed technology decisions.
Coverage of a product or organization does not imply a client relationship, endorsement or partnership.

Website: https://intuitionlabs.ai

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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https://intuitionlabs.ai/services/ai-enablement
https://intuitionlabs.ai/services/custom-software-development/pharma-biotech
https://intuitionlabs.ai/services/data-engineering-bi
https://intuitionlabs.ai/services/veeva-services/overview
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