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Introduction to Apache Airflow and Its Architecture

Apache Airflow is an open-source platform for authoring, scheduling, and monitoring workflows as code.
Workflows are defined as DAGs (Directed Acyclic Graphs) of tasks with explicit dependencies. Each task
represents a unit of work (e.g. fetching data, running an analysis, calling an external service), and the DAG
defines the order and dependency relationships among tasks. Airflow’s core idea is that anything you can do in
Python, you can program into an Airflow workflow — making it highly dynamic and extensible. For example, one
can write Python functions, call shell scripts, execute SQL, or even trigger cloud services using Airflow’s

operators and hooks.
Airflow Architecture: Airflow follows a distributed architecture with several key components:

e Scheduler: The central brain of Airflow that reads DAG definitions, monitors scheduling intervals, and triggers task
instances when their dependencies are met. It queues tasks for execution (using an Executor plugin to determine how and
where tasks run).

o Metadata Database: A persistent database (e.g. PostgreSQL or MySQL) that stores the state of DAGs, task histories, logs,
and configurations. This is essential for keeping track of runs, failures, and enabling restart/resume of workflows.

e Worker(s)/Executor: The workers are processes that actually execute tasks. In a simple setup, the scheduler itself can
execute tasks (Sequential or Local Executor). For scalability, Airflow supports a CeleryExecutor (distributed workers with a
message broker like RabbitMQ/Redis) and a KubernetesExecutor (launches each task in its own Kubernetes pod) among
others. This allows Airflow to scale out the execution of many tasks in parallel across multiple nodes.

e Web Server (Ul): A built-in web application that provides a rich user interface to inspect DAGs, track progress, view logs,
and manage workflows. The Ul shows DAG graphs, Gantt charts, task status, and allows triggering or retrying tasks manually

. This is very useful for debugging and monitoring complex pipelines.

e DAG Files: Since DAGs are Python code, Airflow loads DAG definitions from a folder (DAG directory). The scheduler

periodically parses these files (with a DAG parser process) to load new or updated workflows

e Plugins (optional): Airflow can be extended with plugins (e.g., custom operators, sensors, or integrations) to add domain-

specific functionality
Below is a simplified diagram of Airflow’s architecture showing how the components interact:
Basic Apache Airflow architecture (scheduler, workers, webserver, metadata DB, etc.)

In practice, Airflow can be deployed on a single server or in a distributed fashion. In a simple one-machine
deployment, the scheduler, webserver, and a local executor run together, which is convenient for development
and small-scale use. For production, Airflow supports distributed deployments where the webserver,
scheduler, and multiple workers run on different servers or containers, allowing horizontal scalability. This
separation also improves security and reliability (for example, workers can be isolated, and role-based access

control can be enabled on the web Ul)

Airflow’'s dynamic nature (workflows are defined in Python code) means that users can generate pipelines
programmatically, use loops or conditional logic to create tasks, and integrate any Python libraries needed. It is
extensible — new operators or hooks can be added to interface with external systems. It is also scalable — by
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switching executors and adding workers, Airflow can handle increased load. These features, along with a robust
scheduling and monitoring capability, have made Airflow an "industry standard” for orchestrating data
workflows in many sectors '°! tothenew.com, including life sciences.

Workflow Orchestration Challenges in Life Sciences

Organizations in life sciences — from bioinformatics research labs to pharmaceutical companies and healthcare
analytics teams — face unique data pipeline challenges. They must handle large volumes of complex data and
comply with strict regulatory requirements. Key challenges include:

e Data Volume and Complexity: Modern life science research generates massive datasets. For example, a single DNA
sequencing run or high-throughput screening experiment can produce terabytes of data. Pharma companies produce

millions of data points from clinical trials alone 16 tothenew.com. These datasets come in diverse formats (genomic
sequences, imaging files, clinical measurements, etc.), requiring extensive ETL (Extract-Transform-Load) processing.
Orchestrating the movement and transformation of such data is non-trivial, especially to do it reliably and repeatably at
scale.

e Heterogeneity of Tools and Environments: Life science workflows often involve specialized tools (e.g. bioinformatics
software, statistical analysis in R/SAS, machine learning models in Python) and run on varied infrastructure (on-premise HPC
clusters for heavy computations, cloud services for storage or Al, etc.). Connecting these into a cohesive pipeline is
challenging. Historically, scientists might stitch together scripts and manual steps, which is error-prone. There is a need for
a workflow manager that can integrate across environments (HPC, cloud, on-prem) and different programming languages.

e Reproducibility and Traceability: Scientific and regulatory standards demand that analyses be reproducible and well-
audited. In drug development, any data processing that supports a regulatory submission (e.g. to the FDA) must be traced
and validated. Custom cron jobs or manual workflows lack sufficient logging, failure handling, and audit trails. This was
noted even in genomics data pipelines — ad-hoc scripts "lack reproducibility, traceability, monitoring and scalability,”
whereas Airflow can convert such pipelines into reproducible, monitored processes. The need for an audit log of every step
is critical; for instance, FDA 21 CFR Part 11 regulations require audit trails for electronic records. Airflow automatically logs
all task runs and metadata, providing a built-in audit trail. In fact, its audit logs have been highlighted as “crucial for any
LIMS system to retrace steps” in compliance with Part 11.

e Scheduling and Timeliness: Life science workflows may need to run on schedules (e.g., a nightly pipeline to aggregate lab
results) or trigger on events (e.g., new data arrival from a clinical site). Ensuring tasks run in the correct order — and re-run
on failure - is important. Without a proper orchestrator, teams risk missing deadlines (like database lock dates or submission
deadlines) if pipelines fail silently. Airflow’s scheduler addresses this by managing task dependencies and retry logic,
ensuring timely execution or alerting on failures.

e Regulatory Compliance and Validation: In regulated environments (clinical trials, validated software systems in pharma),
any workflow tool itself may need to be qualified or validated. There can be hesitancy to adopt new open-source tools unless
they can meet compliance requirements (e.g., HIPAA for patient data privacy, GxP guidelines for good practices). This often
requires features like role-based access control, data encryption, and rigorous testing of the pipeline. We will discuss how
Airflow addresses these in a later section (e.g., Airflow can be deployed in HIPAA-compliant environments and supports
secure practices).

Despite these challenges, there is a trend toward using modern data engineering tools in life sciences. Domain-
specific workflow managers like Nextflow and Snakemake have long been popular in bioinformatics (designed
for cluster execution of genomic pipelines), but they remain niche outside of that field. By contrast, Apache
Airflow has a much larger user base and plugin ecosystem in the broader software community. We are seeing a
convergence: life science teams are increasingly exploring general-purpose orchestrators like Airflow to
leverage its rich integrations and community support, especially as workflows extend beyond pure HPC tasks
into cloud analytics and business intelligence.

In fact, one analysis noted that workflow tools such as Airflow, Nextflow, Snakemake, Galaxy, and CWL are
"indispensable in bioinformatics for automating and managing complex data analysis pipelines,” enabling
scalability, reproducibility, and efficient handling of large biomedical datasets /! excelra.com. Efficient workflow
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management can directly accelerate scientific discovery. For example, in drug discovery and biomedical
research, orchestrating complex multi-step analyses (data preprocessing =» modeling =» results integration) and
leveraging both cloud and HPC resources can speed up results. The bottom line: Life science organizations
need robust workflow orchestration to tackle big data and compliance demands, and Airflow is well-positioned
to meet these needs by providing a unified, Python-based platform to coordinate diverse tasks.

Use Cases of Airflow in Life Sciences

Airflow's flexibility and extensibility have led to its adoption in a variety of life science scenarios. Below we
explore several key domains and examples:

1. Genomics and Bioinformatics Pipelines

In genomics and bioinformatics, pipelines process raw experimental data (e.g. DNA/RNA sequencing reads or
proteomics data) through multiple analysis steps to produce interpretable results (like variant calls or expression
matrices). These pipelines are typically compute-intensive and involve many steps with complex dependencies.
Common practice has been to use specialized bioinformatics workflow managers (Nextflow, Snakemake, etc.),
but Apache Airflow is increasingly being applied here, especially when integration with broader data systems or
custom logic is needed.

Airflow for NGS Pipelines: Airflow can orchestrate NGS (Next-Generation Sequencing) analysis pipelines such
as alignment -> variant calling -> annotation -> data export. Each step can be a separate task (running tools like
BWA, GATK, etc.), and Airflow manages their execution order and parallelization. A concrete example is using
Airflow to build an ETL pipeline for genomic variant data: Ashish Tomar (2021) demonstrated extracting a
ClinVar variant table from NCBI, filtering pathogenic variants, and loading results into a database - all defined as
an Airflow DAG with Python tasks. He chose Airflow to replace ad-hoc R/Python scripts and cron jobs,
specifically to gain better monitoring and failure handling. The result was a more reproducible and trackable
pipeline for genomic ETL.

Why Airflow instead of Bioinformatics-specific tools? One reason is Airflow’s generality and rich integration
capabilities. Airflow is language-agnostic in what it runs — it “will happily orchestrate and run anything, either
with high-level support from providers or via shell commands”. This means a bioinformatics DAG can include
tasks running Bash scripts, Python code (e.g., using Biopython or pandas), R scripts, or command-line tools, all
in one workflow. Airflow provides built-in operators for Bash and Python, and even an SSH operator to execute
commands on remote servers (useful for sending jobs to an HPC login node). This flexibility lets researchers
integrate custom steps more easily than some domain-specific frameworks that expect a certain paradigm.

Additionally, Airflow's scheduler and Ul are beneficial for scientific pipelines. The scheduler can orchestrate
thousands of tasks with complex dependency graphs, while the Ul provides a visual representation of the
pipeline and real-time status of each step. This is valuable when debugging a long bioinformatics workflow —
one can quickly identify which task failed or is slow, and use Airflow’'s retry mechanisms or backfill capabilities
to recover without manual intervention.

Cloud-Scale Genomics: As genomics moves to cloud computing, Airflow serves as a bridge between cloud
services and analysis tasks. For instance, Google Cloud offers a service called Google Cloud Life Sciences that
can run containerized genomics workflows. Airflow has a dedicated operator

( LifeSciencesRunPipelineOperator ) to interface with this service, allowing Airflow to submit genomics
pipelines to Google's managed service for execution. This combines Airflow’s orchestration with scalable
cloud processing: Airflow might coordinate high-level stages (say, run alignment on 1000 samples via Life
Sciences API, then aggregate results). The existence of such operators (along with hooks for AWS Batch, etc.)
demonstrates Airflow’s focus on integrating with cloud HPC resources. In one recent study, researchers ported
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a GPU-accelerated molecular docking (virtual screening) workflow to a cloud-native environment using
Kubernetes and Airflow, showing that Airflow can manage HPC-style scientific workflows at scale. They
represented the docking steps as an Airflow DAG and leveraged cloud GPUs and Kubernetes pods for execution,
achieving efficient parallelism in a drug discovery pipeline.

Data Quality and Reproducibility: Bioinformatic workflows often need to ensure data integrity (for example, no
sample swaps or pipeline failures go unnoticed). Airflow can incorporate data quality checks at various points
(using custom Python tasks or integrations with libraries like Great Expectations for validation). The Excelra
team emphasized that for biomedical data assets, data quality and metadata completeness are critical, and that
workflow frameworks must ensure traceability and consistency. Airflow’s ability to log each task's input, output,
and execution metadata helps maintain this traceability. All intermediate results can be tied to specific task runs
and timestamps in Airflow’s metastore, supporting reproducible research. If an issue is found in a dataset,
scientists can trace back to the exact pipeline run and even re-run that historical DAG (Airflow allows backfilling
with specific execution dates).

Parallelization: Another major advantage is Airflow's approach to parallelism. In genomics, one often processes
many samples or chromosomes independently. Airflow can dynamically generate tasks (e.g., one task per
sample) and execute them concurrently on a cluster of workers. This is similar to what Nextflow or Snakemake
do with parallel processes, but with Airflow the parallelism is controlled by the executor (e.g., Celery queues)
and can scale horizontally. There have been reports of Airflow being used for very large genomic workflows —
however, with a caveat: workflows with tens of thousands of very short tasks can strain Airflow’s scheduler. One
user from a large pharma recounted a genomic analysis pipeline with ~20,000 tasks, and noted that Airflow in
such a scenario might not be ideal due to its overhead [%] peerspot.com. In those extreme cases, more
specialized HPC schedulers or grouping tasks might be necessary. Nonetheless, for many bioinformatics
pipelines on the order of hundreds or low-thousands of tasks, Airflow performs well and provides excellent
management and visibility.

2. Pharmaceutical Research and Drug Discovery

Pharmaceutical R&D involves multi-step processes for drug discovery, such as compound screening,
molecular modeling, simulation experiments, and data analysis. These processes can benefit from Airflow’s
orchestration to automate and accelerate the R&D pipeline:

e Compound Screening Pipelines: High-throughput screening (HTS) generates hits that need confirmation and analysis.
Airflow can orchestrate the data flow from robotic lab instruments to data analysis. For example, after an experiment, an
Airflow DAG could trigger data ingestion from a laboratory plate reader, then run analysis scripts (calculating IC50s, etc.),
and finally store results in a database or visualization dashboard. If a machine learning model is used to prioritize
compounds, Airflow can schedule the training and inference of that model as part of the pipeline (ensuring it runs after the
data ingestion tasks).

e Molecular Modeling & Simulations: Drug discovery often uses computational chemistry methods like docking simulations,
molecular dynamics, or Al-driven molecule generation. These tasks often run on specialized hardware (GPUs) or HPC
clusters. The earlier mentioned study from KTH Sweden demonstrated a virtual screening workflow for drug discovery
orchestrated by Airflow. They took an existing HPC workflow for AutoDock-GPU (docking software) and reimplemented it as
an Airflow DAG, enabling them to run it in a cloud Kubernetes environment. Airflow coordinated stages such as preparing
input ligand files, parallel docking on multiple GPUs, collecting results, and post-processing. This case study shows Airflow’s
usefulness in bridging HPC workloads with cloud orchestration — it was reportedly “the first study exploring Apache Airflow
in supporting such | [an HPC-style] workflow on Cloud”. The benefit was an easier way to overlap different stages and map
them to appropriate resources (/O intensive steps vs GPU-compute steps) via Airflow's task mapping.
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e Data Integration in R&D: Pharmaceutical research generates many data types — cheminformatics data (chemical structures,
assay results), bioinformatics data (gene expression, genomics), and others. Airflow can serve as the glue to integrate
these. For instance, consider a lead optimization project: Airflow could pull chemical compound data from an ELN (Electronic
Lab Notebook) or registration system, trigger a physicochemical property calculation (perhaps using an RDKit Python task),
then branch to multiple predictive model tasks (ADMET property predictions), and finally aggregate the results into a report.
Because Airflow is code-first, computational chemists can encode domain logic (e.g., "if any compound fails a toxicity
threshold, email the team”) directly in the DAG as Python code.

e Cheminformatics Example: A specific example comes from a cheminformatics automation blog: converting large libraries
of compounds from SMILES notation to 3D structures (SDF format) with added properties. Using RDKit (a chemoinformatics
library) inside Airflow tasks, the author created a pipeline to take thousands of SMILES strings and output SDF files with
hydrogens added. Airflow's PythonOperator was used to run the conversion function on each batch of compounds, and the
DAG was scheduled to run periodically. Notably, the author points out that Airflow's logging and audit features proved
valuable for compliance: “One thing very powerful about Airflow is the audit log system. For any compliance — e.g., following
part 11 for electronic records by the FDA — you need an appropriate logging system. | [Airflow’s] data is crucial for any LIMS
system to retrace steps of data usage and loss.”. This highlights that even in research contexts, having a clear record of
each data transformation (which Airflow provides out-of-the-box) is a huge advantage for quality assurance and regulatory
audits.

e Orchestrating ML in Drug Discovery: Modern drug discovery increasingly uses Al/ML (for example, predictive models for
drug-target interactions or image analysis in phenotypic screening). Airflow is often part of the MLOps stack in such cases.
It can orchestrate the machine learning lifecycle: data preprocessing, model training, hyperparameter tuning, model
evaluation, and deployment. Airflow doesn’t do the modeling itself, but it can trigger training jobs (perhaps on a GPU cluster
or AWS SageMaker) and then trigger downstream tasks once models are ready. Because Airflow is Python-based,
integration with ML libraries (TensorFlow, PyTorch) or experiment tracking tools like MLflow is straightforward. In an MLOps
scenario, one might use Airflow to run a daily retraining pipeline that fetches new data, uses MLflow to track the experiment
metrics, and then if metrics are satisfactory, registers the new model. Airflow’'s role is orchestrating and linking these steps.
For instance, an engineering blog from TheFork described combining Airflow with MLflow and AWS Batch to automate their
ML workflows; they found that “the use of MLflow and Airflow greatly improved management of our Data Science projects”
by standardizing experiment tracking and automating batch inference jobs via Airflow DAGs.

Overall, in pharma R&D Airflow provides a central automation hub to coordinate varied tasks — from lab data
processing to advanced analytics. By automating these R&D workflows, companies aim to accelerate
innovation. A Secoda article on pharma data engineering notes that Airflow is used to manage and automate

pipelines “across different stages of drug discovery, clinical trials, and manufacturing” '*’

secoda.co. By
removing manual bottlenecks, researchers can get results faster and with fewer errors, which ultimately can

speed up the identification of drug candidates or insights into disease biology.

3. Clinical Trial Data Management and Integration

Clinical trials generate vast amounts of data across multiple sites and systems — including patient enroliment
info, electronic case report forms (eCRFs), lab results, medical imaging, adverse event reports, and more.
Ensuring all this data is collected, cleaned, and integrated for analysis (and ultimately for regulatory submission)
is a huge undertaking. Airflow can be a powerful tool to automate clinical data workflows, improving efficiency
and compliance in clinical development.

ETL for Clinical Data: In trials, data often resides in siloed systems: e.g., a central database for clinical data
(EDC system), another system for lab results, maybe CSV files for patient diaries, etc. An Airflow pipeline can
extract data from these sources, transform it into standardized formats (such as the CDISC SDTM standard
datasets), and load it into a data warehouse or analysis platform. By scheduling these ETL tasks, Airflow helps
trial data managers get an up-to-date, unified view of the data. For example, an Airflow DAG could run every
night to pull new records from the EDC via API, convert them to a staging schema, merge with any updates from
external labs, and run data validation checks. This replaces or augments manual processes and ensures that
data cleaning is done continuously.
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A business case described by Prince Yadav (2024) illustrates this: a pharmaceutical company running multiple
trials wanted to automate the processing of extensive clinical data to enable timely, accurate reporting to
regulators "%/ tothenew.com. The challenges included handling millions of data points without human error,
ensuring compliance with submission timelines, and freeing up human resources from tedious data chores "
tothenew.com. By implementing Airflow for ETL, the company could address these challenges — “improving
operational efficiency, enhancing data accuracy, and ensuring compliance” ']
Airflow workflow for clinical trial data processing, Airflow was used to systematically ingest and clean data,

tothenew.com. In their example

then produce regulatory summary outputs. The result was more timely filings and reduced risk of errors (which
in turn avoids costly delays in drug approval) [°! tothenew.com ! tothenew.com.

Automation of Routine Tasks: Airflow can automate many repetitive tasks in clinical data management.
Consider tasks like reconciling patient enroliment between a registry and the trial database, generating queries
for missing data, or producing daily enrollment reports. These can all be scheduled in Airflow. For instance,
Airflow might run a task each morning to compare the number of patients in the EDC vs the randomization
system and email a discrepancy report if any. Another task could regularly check for new lab results and flag
out-of-range values to the medical monitor. Such automation not only saves time but also ensures consistency —
the tasks run the same way every time, which is important for regulatory audits (proving that data handling
follows a SOP consistently).

A presentation at PHUSE 2024 (a pharmaceutical industry conference) highlighted that Airflow “simplifies
handling tasks in extensive data workflows" for clinical trials, automating key processes and reducing delivery
time 3] |exjansen.com. In other words, what used to take a team of data managers days of manual work (e.g.,
preparing data for an interim analysis) can potentially be done in hours via an Airflow-driven pipeline, with the
team only reviewing outputs and exceptions.

Integration of Multiple Data Sources: Clinical trials often must integrate real-world data alongside trial data
(for example, linking to electronic health records or claims data for long-term follow-up). Airflow is well-suited
to orchestrate these integrations. It can have tasks that securely pull data from a hospital’s EHR system (via an
APl or SFTP drop), then join or compare it with trial data tables. Because Airflow can handle credentials and
connections (with its connection management and secrets backends), it can be used in a HIPAA-compliant
manner — for example, storing database credentials in a secure vault and not exposing patient identifiers
unnecessarily in logs. One Reddit discussion noted that Airflow itself can be HIPAA compliant or not depending
on how it’s used — it’s about the environment and data flows. In practice, many healthcare and life science
organizations do use Airflow with PHI; one user mentioned a large healthcare provider running Airflow on
OpenShift for their Python ETL pipelines. The key is to configure security properly (network isolation,
encryption, access controls), which we address in best practices.

Regulatory Reporting and Analysis: After data is collected and cleaned, Airflow can also orchestrate the
generation of analysis datasets and even statistical outputs. For example, creating the ADaM datasets (analysis-
ready datasets in clinical trials) and running statistical programs (SAS scripts or R analyses for tables and
listings) can be put under Airflow control. An Airflow DAG could trigger a container that runs a suite of SAS
programs to produce all the tables for a Clinical Study Report. If any program fails, Airflow would log it and alert
the team. This adds robustness to what is traditionally a manual, error-prone process. While Airflow is not a
statistical tool, it can ensure the right programs run in the right order (e.g., first generate derived data, then
analysis tables, then compile a PDF report).

Crucially, automating these steps also provides an audit trail for compliance. Each Airflow task execution is
timestamped and logged, so one can prove to auditors exactly when a analysis was run and whether it
completed successfully. Combined with Airflow’s ability to version DAGs via code, this means you can
reconstruct what code and data produced a result — satisfying needs for traceability in GCP (Good Clinical
Practice) compliance.
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In summary, Airflow helps clinical data teams by streamlining ETL workflows, reducing manual effort, and
ensuring data integrity. Pharmaceutical blogs describe Apache Airflow as a tool that “manages complicated
workflows” in pharma and can “avoid delays in bringing new drugs to market” by automating data processes '°!
tothenew.com [®) tothenew.com. In an automated clinical trial pipeline, data is consistently processed on time,
freeing data managers to focus on higher-level review rather than crunching raw data. This not only improves
efficiency but also confidence in the quality and completeness of the trial data when it's time for regulatory
submission.

4. Real-World Evidence (RWE) and Health Data Analysis

Beyond clinical trials, life sciences companies are increasingly utilizing Real-World Evidence - insights derived
from real-world data such as electronic health records (EHRs), insurance claims, patient registries, wearable
device data, etc. These datasets are typically large, messy, and continuously updating. Airflow is a natural fit for
building reliable pipelines that ingest and analyze real-world health data at scale.

Data Ingestion and Harmonization: RWE projects often start with aggregating data from multiple sources. For
example, a pharma company might combine insurance claims data with EHR data to study drug outcomes.
Airflow can orchestrate the regular ingestion of these sources: one task might call an API to fetch new EHR
records, another might load recent claims from an S3 bucket, and subsequent tasks merge and de-identify
these records. Because sources can be disparate, there's usually a heavy transformation step — mapping
different coding systems, normalizing formats (ICD codes, drug names, units). With Airflow, you can ensure
these transformation jobs run in the correct sequence and handle dependencies (e.g., wait until all sources are
loaded, then join).

Tools like Apache Spark are often used for big data processing in RWE. Airflow can kick off Spark jobs (using
hooks/operators for Spark or by triggering jobs on a Databricks cluster, etc.) as part of a pipeline. Alternatively,
if using SQL-based transformations (in a cloud data warehouse), Airflow can orchestrate those by running SQL
scripts or leveraging frameworks like dbt. In a Medium article on healthcare data engineering, a pipeline was
built with Airflow + BigQuery + dbt to process synthetic healthcare datasets. Airflow scheduled data generation,
created external tables in BigQuery, ran dbt models to transform the data, and even executed data quality tests,
all automatically. The authors noted this demonstrated key capabilities like “workflow orchestration, cloud
storage integration, and scalable data transformation — all critical for modern data solutions” in healthcare.

Analytics and Reporting: Once the data is cleaned and integrated, Airflow can also schedule analytical
workflows. For instance, a RWE pipeline may include steps to: update a propensity score model for a study,
generate an outcomes report, and refresh a dashboard. Airflow tasks can run Python analytics scripts or even
Jupyter notebooks (via tools like Papermill, which Airflow supports for notebook execution). This means data
scientists can develop analyses in notebooks and then productionize them by scheduling with Airflow, ensuring
the analyses rerun with new data periodically. The output could be pushed to an S3 bucket or a visualization
tool. Airflow's ability to integrate with Bl tools (for example, it can trigger a Tableau dashboard refresh or send
emails with attached results) makes it useful for delivering RWE insights to stakeholders regularly.

Real-Time Pipelines: While Airflow is primarily a batch scheduler, it can operate on frequent schedules
(minutes) to approximate real-time processing. For example, an Airflow DAG could run every 10 minutes to
check for new patient records and process them. However, for truly streaming data (like continuous vital sign
streams), other tools (Kafka, etc.) are more direct; Airflow would then pick up micro-batches from a stream.
Some RWE solutions might use Airflow in combination with streaming platforms - e.g., Kafka streams feed a
staging database, and Airflow triggers every hour to aggregate the streaming data into a summary.

A vendor case study from Shakudo (2025) illustrates an Al-powered RWE platform and explicitly lists Apache
Airflow as the pipeline orchestrator: “Apache Airflow orchestrates the entire data pipeline, ensuring timely and
accurate updates to your evidence base.”. In their described stack, raw healthcare data from EHRs, claims,
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patient-reported outcomes are integrated, transformed (with Delta Lake for storage, Spark for processing, NLP
transformers for text), and visualized in Bl dashboards — with Airflow coordinating these steps to keep
everything in sync. The result is an analytics platform that can, for example, continuously update outcomes as
new data arrives, which is invaluable for observational studies or outcomes research.

Ensuring Privacy and Compliance: RWE pipelines frequently involve protected health information. Airflow
doesn't inherently anonymize data, so architects must design pipelines to include de-identification steps (which
can be Airflow tasks themselves — e.g., a Python task to scrub direct identifiers). Once de-identified, the data
can be aggregated for analysis. Airflow’s role-based access control (when enabled) can restrict who can view
task outputs or logs, which is important if logs might contain sensitive info. In healthcare settings, it's advised to
use Airflow’s encryption for connections and to run Airflow in a secure network (perhaps VPC-isolated, with
audit logs exported to a secure location). We will touch more on HIPAA compliance under best practices, but it's
worth noting that managed Airflow services like Astronomer and AWS MWAA have obtained HIPAA compliance
in their cloud offerings, indicating that with proper configuration Airflow can be used to process patient data in a
compliant way.

Use Case — Outcomes Analytics: Imagine a pharmaceutical outcomes study that uses insurance claims to
compare the incidence of a health outcome between patients on Drug A vs Drug B. An Airflow DAG can be
scheduled monthly to: pull the latest claims from a data provider (task 1), update a large SQL table; run a cohort
selection query to get patients (task 2); execute a Python or R task that calculates outcome rates and performs
a statistical test (task 3); and finally generate a report or update a dashboard (task 4). This whole pipeline can
be encapsulated as a DAG, giving a clear view of the workflow. If something fails (say the data provider’s APl is
down), Airflow will log the failure and can retry automatically, and the team gets notified. This reliability is crucial
when decisions (like a safety signal detection) rely on these analyses.

In summary, Airflow empowers RWE and health analytics teams to tame the complexity of real-world data
pipelines. It provides the scheduling, dependency management, and integration points needed to turn raw
healthcare data into actionable insights on a continual basis. By orchestrating data updates and analyses,
Airflow helps ensure that real-world evidence is always up to date — enabling faster insights into drug safety,
effectiveness, and healthcare utilization.

5. Laboratory Data Integration and LIMS Coordination

Life science laboratories (whether in pharma R&D, clinical diagnostics, or biotech manufacturing) rely on
Laboratory Information Management Systems (LIMS) to track samples, experiments, and results. Integrating
instrument data and other lab outputs into the LIMS (and ensuring downstream analysis or reporting) is another
area where Airflow is finding use.

Instrument Data Pipelines: Modern labs have many instruments (sequencers, mass spectrometers,
microscopes, etc.) generating files that need to be captured and processed. A typical scenario: an instrument
outputs a raw data file in a directory or uploads it to cloud storage; that data needs to be picked up, parsed, and
entered into a database or LIMS. Airflow can run a sensor or polling task to detect new files (e.g., using
TimeSensor or by listing an S3 bucket) and then trigger processing tasks. For example, when a new sequencing
run is completed, Airflow could kick off a pipeline to demultiplex the sequences, run a primary analysis, and then
load summary metrics into a LIMS and archive the raw data to cold storage. By automating this through Airflow,
labs ensure no dataset is missed and all steps (which might involve different scripts or tools) execute in the
correct order.

LIMS Integration: Many LIMS have APIs or at least database interfaces. Airflow can be used to periodically sync
data between lab instruments, LIMS, and analytical databases. Suppose a lab’s LIMS doesn’t automatically
capture all metadata from an instrument — an Airflow DAG could query the instrument’s software for run
metadata and update the LIMS entries, merging data sources. Conversely, Airflow might take new entries from
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LIMS (say a list of samples scheduled for testing) and generate tasks for each sample to be processed by a lab
robot or data analysis script. Essentially, Airflow can serve as the glue between lab operations and IT
systems, ensuring laboratory processes are fully digitized and traceable.

A benefit of using Airflow in lab environments is the ability to enforce standard operating procedures (SOPs)
programmatically. For instance, if SOP says “once data is generated, it must undergo QC within 24 hours,” one
can implement this by having Airflow trigger a QC workflow immediately after data arrival and perhaps escalate
if QC results are not produced. The Airflow Ul also allows lab managers to see the status of all ongoing data

processes (which runs are complete, which are in progress or failed), improving visibility into lab throughput.

Audit Trails and Compliance: Laboratories operating under GxP (Good Laboratory Practice or Good
Manufacturing Practice) must maintain strict logs of all data handling. By using Airflow, each transfer and
transformation of data is logged. As noted earlier, Airflow's audit logs can support compliance with 21 CFR Part
11 for electronic records. If a regulator asks "who processed this sample data and when?”, Airflow's metadata DB
can help answer that - it records what account triggered the pipeline, when each task ran, and whether it
succeeded. This audit trail complements the LIMS’s own audit logs. Moreover, Airflow’s logging can be
integrated with centralized logging systems (e.g., pushing logs to Splunk or cloud logging services) to
consolidate audit information.

Example — Cheminformatics Data Pipeline: The Medium example by Sulstice (referenced earlier in drug
discovery) actually straddles both cheminformatics and LIMS integration. By converting SMILES to SDF in an
automated way and maintaining logs, the pipeline ensures that the chemical data is consistently formatted for
downstream usage. The author explicitly connected this to LIMS needs: “This data is crucial for any sufficient
LIMS system to retrace steps of data usage and loss”, referring to Airflow’s logs and data outputs. In a
pharmaceutical QA/QC context, one could use Airflow to track analytical results from instruments (e.g., HPLC
assays results could be automatically captured by Airflow tasks and plotted for trend analysis, with all actions
logged).

Manufacturing and Labs: In production biotech or pharma manufacturing (e.g., biologics production), Airflow
can assist in data pipelines for process monitoring. For instance, Airflow might orchestrate the gathering of
sensor data from a manufacturing execution system (MES) and perform calculations to ensure the process is
within control limits, then trigger alerts if not. While this veers into industrial |oT, the principle is similar: multiple
data streams need orchestration and analysis, and Airflow can provide that central orchestration engine.

By implementing Airflow for lab data integration, organizations achieve better data integrity, less manual
transcription (reducing errors), and faster availability of results. Instead of scientists manually uploading
files or running processing scripts by hand, the pipelines occur automatically. This is especially important for
labs dealing with high sample volumes or operating under tight timelines (e.g., a clinical diagnostics lab where
patient test results must be turned around quickly).

In summary, Airflow in the lab environment acts as a digital lab assistant - moving data from point A to B,
performing necessary calculations, and keeping meticulous records. It complements LIMS/ELN systems by
handling the automation that those systems might not natively do. With Airflow's extensibility, labs can integrate
any custom instruments or analysis software by writing small adapter tasks, all under one orchestration
framework.

Technical Architecture Examples for Life Science Deployments

Implementing Airflow in life sciences can take several forms, depending on the infrastructure and scale. Here we
discuss common architecture patterns and integrations in this domain:
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Airflow on HPC Clusters

Many bioinformatics and computational biology teams have access to on-premises High-Performance
Computing (HPC) clusters (managed by Slurm, PBS, or other schedulers). Running Airflow with or alongside
HPC requires bridging two worlds: Airflow's own scheduling and the HPC job scheduler. One approach is to
deploy Airflow on a login or head node (or a separate server that can submit to the cluster). Airflow can then
dispatch jobs to the cluster via the SSHOperator or custom scripts that use gsub / sbatch commands. This
effectively makes Airflow a higher-level orchestrator that delegates heavy compute tasks to the HPC scheduler.

A concrete architecture, as described by Avik Datta (2021) for setting up Airflow on HPC, is to run the Airflow
Scheduler and Webserver on a separate host (e.g., a VM or server with Docker), and use a CeleryExecutor
where Celery workers reside on the HPC nodes. In that setup, the Celery broker (Redis) and Airflow DB are on
the host, and HPC nodes run lightweight Airflow worker processes that pick up tasks. The tasks, however,
typically just enqueue work to the cluster scheduler (so the heavy lifting is managed by HPC). This architecture
must contend with HPC constraints: often compute nodes cannot run long-lived web services and may have
restricted network access. Thus the webserver and database stay off-cluster, and only ephemeral workers or
SSH sessions are used on the cluster.

If direct deployment of Airflow workers on HPC is not feasible, another approach is to use AWS ParallelCluster
or other HPC-cloud integration. For example, teams containerize their pipelines and use AWS Batch as an
intermediary (Airflow’s AWS Batch operator submits jobs to AWS's managed batch service, which in turn can
utilize HPC-like resources on cloud). This was the approach used in the TheFork MLOps pipeline, where Airflow
triggered AWS Batch jobs for Kedro pipelines. Similarly, Google Cloud Life Sciences (mentioned earlier) is
essentially HPC on demand for genomics, and Airflow's integration there allows cloud HPC usage without
managing infrastructure.

Multi-Cluster Airflow: Some advanced setups even have Airflow coordinate tasks across multiple clusters or
sites. There are community efforts and talks (e.g., "Airflow and multi-cluster Slurm working together” from
Airflow Summit) that discuss adapting Airflow to manage jobs on different Slurm clusters via plugins. Typically
this involves writing a custom Airflow executor or operator that communicates with the cluster schedulers’ APls.

The key consideration for HPC integration is to avoid letting Airflow's scheduler become a bottleneck for
thousands of short jobs. A best practice is to have Airflow submit a batch of work as a single HPC job rather
than individual tiny tasks. For example, instead of 10,000 Airflow tasks for 10,000 sequence alignments, use one
Airflow task to submit a single HPC array job of 10,000 alignments. This reduces load on Airflow while
leveraging HPC's strengths. Airflow then waits for that job to complete (perhaps polling or using a sensor).

In summary, Airflow can be successfully used with HPC by offloading compute-intensive tasks to the cluster
and using Airflow for higher-level orchestration (dependency management, monitoring, error handling). This
allows teams to introduce Airflow's usability benefits (Pythonic pipelines, central Ul) without giving up the raw
computing power of their HPC systems.

Cloud Deployments and Managed Services

Life science organizations are rapidly adopting cloud computing (for scalability, collaboration, and cost reasons
for large analyses). Airflow fits well here, and cloud providers have managed Airflow services that are quite
popular:
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e Amazon MWAA (Managed Workflows for Apache Airflow): This AWS service runs Airflow for you in a highly available way.
It integrates with other AWS services (IAM for access control, S3 for DAG storage, CloudWatch for logs). Many biotech and
pharma companies use MWAA to avoid the overhead of managing Airflow themselves. AWS MWAA can be configured to be
HIPAA-eligible (if run in a HIPAA-compliant AWS account with proper controls), meaning PHI data can be orchestrated
through it under a BAA. For life science teams already using AWS (for storage on S3, compute on EC2/Batch, data
warehousing on Redshift, etc.), MWAA provides a convenient way to add Airflow to their stack. For example, a clinical data
pipeline might use AWS MWAA to orchestrate tasks that move data from an AWS S3 data lake to an Amazon Redshift
warehouse and run analyses on AWS Glue or EMR. All those AWS services have Airflow operators available.

e Google Cloud Composer: This is GCP's managed Airflow. It similarly integrates with GCP services (Cloud Storage,
BigQuery, etc.). A company like Recursion Pharmaceuticals (which is known for its heavy use of Google Cloud in building an
"Al-enabled biology map”) could use Cloud Composer to orchestrate its data pipelines - for instance, scheduling image
analysis workflows on Google Cloud ML Engine and merging results into BigQuery. (While we don't have a public citation of
Recursion’s Airflow usage, Google Cloud case studies show their data platform is on GCP, and Cloud Composer is a likely
component for orchestration.)

e Astronomer (Astro Cloud): Astronomer is a popular managed Airflow provider that has a focus on enterprise features. In
the healthcare realm, Astronomer emphasizes compliance - Astro is HIPAA compliant and PCI compliant as of 2023,
meaning healthcare customers can use Astro with assurance of security measures. Astronomer provides tools like audit logs,
role-based access, and data lineage (via Astro Observe) which are very attractive for regulated industries. The Astronomer
Healthcare Solutions page touts capabilities like “robust encryption, access controls, and audit trails” to ensure HIPAA and
GDPR compliance. Companies like Kaiser Permanente, for example, are listed as users of Astronomer’s platform, indicating
that even large healthcare providers entrust critical data pipelines to managed Airflow in the cloud.

e Azure: While Azure doesn’t have a native Airflow service at the time of writing, Airflow can be deployed on Azure VMs or
Kubernetes, and many Microsoft-focused life science shops do that. Azure also provides templates and guidance for
deploying Airflow securely (and Azure's compliance offerings can cover the underlying infrastructure).

In all these cloud scenarios, Airflow is often deployed on Kubernetes under the hood (MWAA uses ECS/Fargate
which is similar concept; Composer and Astro use Kubernetes). Kubernetes brings benefits like easy scaling of
workers, isolated execution environments per task (when using K8sPodOperator or KubernetesExecutor), and
integration with containerized compute (which is important for reproducibility — e.g., packaging a bioinformatics
tool in a Docker container and having Airflow run that container ensures the environment is consistent).

Hybrid Cloud is also common: a pharma might keep sensitive clinical data on-premises, but burst to cloud for
heavy analytics. Airflow can be the hybrid orchestrator, with some tasks running locally and others calling cloud
services. Care must be taken for network connectivity (the Airflow scheduler might need VPN access to both
environments). Another approach is to have multiple Airflow instances — one on-prem, one in cloud — and have
them communicate (via APIs or triggers), but that adds complexity. Often it's simpler to choose one environment
to host Airflow and ensure it has network reach to wherever data lives.

Integration with Life Sciences Tools and Platforms

We've touched on many integrations in context, but here is a consolidated view of common integrations relevant
to life sciences and how Airflow supports them:

e Big Data Processing (Spark, Hadoop): Genomics and RWE often use Spark for large-scale analysis. Airflow has operators
to trigger Spark jobs (SparkSubmitOperator for on-cluster Spark, DataprocSubmitJobOperator for GCP Dataproc, etc.). It
can also manage Hadoop batch jobs. For example, a pipeline might have an Airflow task that submits a PySpark job to
process genomic variants; Airflow then monitors the job and proceeds when it's done. This offloads heavy compute to Spark
while Airflow handles orchestration.
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e Cloud Data Warehouses (Redshift, BigQuery, Snowflake): Airflow is frequently used to orchestrate data loading and
transformation in these warehouses. It has hooks/operators for all major databases. In a clinical data warehouse scenario,
Airflow might extract trial data from an OLTP system and load into Snowflake, then execute SQL transformation scripts.
Airflow's integration with dbt (Data Build Tool) is worth noting - there are Airflow plugins (like Astronomer’s Cosmos) to
run dbt models as part of DAGs. This is useful for life science teams adopting modern data stack practices for things like
clinical data marts or commercial analytics.

e Machine Learning & Al Tools: Airflow’s Python nature makes it easy to integrate with ML libraries and MLOps tools. Besides
MLflow (for experiment tracking) we discussed, Airflow can trigger Kubeflow Pipelines or other ML orchestrators, though
often Airflow itself is sufficient for simpler ML pipelines. For instance, an Airflow DAG can train a scikit-learn model and then
call MLflow to log it, all within PythonOperators. Airflow can also containerize these steps if using specialized environments
(e.g., a DockerOperator to run a TensorFlow training in an image with CUDA drivers). This flexibility to run arbitrary
containers is important when different tasks have different dependencies (common in multi-omics analysis where one task
needs an R environment, another needs a specific Python version).

e Jupyter Notebooks / Interactive Analysis: Researchers love Jupyter notebooks, and Airflow acknowledges that by allowing
notebooks to be executed in pipelines. Using the Papermill integration, one can parameterize a notebook and run it headless
via Airflow. This is great for re-running analysis notebooks on a schedule (for example, a weekly report notebook that pulls
the latest data). It helps bridge the gap between exploratory research and production pipeline — scientists can prototype in a
notebook, then Airflow can run that notebook regularly to update results.

e Docker and Containerization: Life science workflows often rely on containerized tools (for reproducibility - e.g.,
bioinformatics containers with all dependencies). Airflow’s DockerOperator allows running a task inside a Docker container
on the same host, and the KubernetesPodOperator can run a container in a Kubernetes cluster. This is heavily used in
practice. For example, if a pipeline needs to run a legacy tool that only runs on Linux with certain libraries, you package it in
a container and let Airflow run that container as a task. This also isolates tasks from each other (ensuring one task's
environment doesn’t conflict with another’s). The result is a more robust pipeline — each step is guaranteed to have the
environment it needs. Teams like to combine this with versioning: e.g., tag containers with pipeline version, so Airflow DAG
definitions can refer to specific versions ensuring consistency (a plus for validated pipelines).

e High-Performance Compute Workloads: As discussed, Airflow can integrate with HPC via SSH or using cloud analogues
(AWS Batch, etc.). The SSHOperator is simple but effective for many cases - e.g., Airflow logs into a remote cluster node
and triggers a shell script that submits a job, then perhaps uses a sensor to poll for job completion. It's not the most elegant,
but it often requires minimal setup and leverages existing HPC submission scripts.

e Notifications and Collaboration: Airflow has operators to send emails or messages (Slack, etc.). In regulated contexts, one
might use this for alerting: e.g., if an Airflow pipeline that loads adverse event data fails, it can automatically email a QA
manager. Or at pipeline completion, Airflow could post a Slack message to a channel with a summary (e.g., "Dataset X
updated successfully with 5,000 new records”). This keeps the team informed in real-time and can be part of compliance
(ensuring issues are promptly communicated).

e External APIs and Instruments: Airflow's extensibility means if an API or instrument is not supported out-of-the-box, one
can write a custom hook/operator. For example, connecting to a LIMS that has a REST API: one could write a Python hook to
authenticate and fetch data, then use it in an Operator. Many life science software vendors (LIMS, ELN, etc.) have APIs;
Airflow can thus integrate with virtually any such system given a bit of Python code.

In essence, Airflow can sit at the center of a web of life science data tools. It doesn’t replace specialized tools
(like it won't replace your LIMS or your Spark cluster or your ML platform), but it coordinates them. This
orchestration ensures that each tool is invoked at the right time with the right inputs and that the data flows
between them smoothly.

Benefits and Limitations of Airflow in Life Sciences

Implementing Airflow for life science workflows offers numerous benefits:

Key Benefits:
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e Automation and Efficiency: Airflow automates complex pipelines that would otherwise require significant manual effort. In

pharma, automating data workflows “ensures accuracy and avoids costly delays” 5] tothenew.com. Routine tasks (data
cleaning, report generation, file format conversions) can be scheduled and executed without human intervention, freeing
scientists and data managers to focus on analysis and interpretation rather than pipeline mechanics.

e Reproducibility and Traceability: Every Airflow run is recorded. This provides a clear audit trail — crucial for scientific
reproducibility and regulatory compliance. Airflow’s metadata DB and logs capture what code ran, on what data, when, and
whether it succeeded. As noted, this helps satisfy 21 CFR Part 11 requirements for audit trails of data processing. If an
analysis result is questioned, one can trace it back to the exact pipeline run and even re-run it if needed. The code-as-
config paradigm (DAGs in version-controlled code) means the pipeline itself is documented and versioned.

e Scalability: Airflow can handle increasing workloads by scaling out workers. As data volume grows (e.g., more genomic
samples, more trial data), you can move from LocalExecutor to CeleryExecutor or KubernetesExecutor, add more worker

1 tothenew.com. It's been used in production by

nodes or pods, and Airflow will utilize them to run more tasks in parallel
companies dealing with very large datasets (for example, Airbnb created it for large-scale data engineering). While one must
architect pipelines carefully (to avoid creating millions of tiny tasks), Airflow itself has been shown to handle hundreds or

thousands of tasks concurrently when properly tuned.

e Dynamic and Flexible Pipelines: Airflow’s DAGs are written in Python, which allows dynamic pipeline generation. Life
science workflows sometimes need to branch or adjust based on data (for instance, if an intermediate analysis finds a
quality issue, one might want to insert a cleanup step). With Airflow, you can code such logic. The pipelines are not static
config files but real code. This also means integration of custom algorithms or one-off scripts is straightforward — you can
embed them in a PythonOperator or BashOperator without needing the workflow engine to natively “understand” those
tools.

e Extensibility and Integrations: There is a rich ecosystem of Airflow operators, hooks, and plugins for many technologies.
For life sciences, this means out-of-the-box connectivity to databases (Postgres, Oracle, etc.), cloud storage (S3, GCS), big
data tools (Spark, Hive), and more. And if it's not there, you can create it. This is a big advantage over some domain-specific
pipeline tools which might be less easily extended to new systems. Airflow also supports Plugins to share custom operators.
For example, one could develop a set of “"LIMS operators” for their specific LIMS APl and reuse them across DAGs.

e Monitoring and Visibility: The Airflow Ul provides an immediate visual of pipeline status. In a multi-team environment
(imagine a large pharma with data engineers, bioinformaticians, etc.), Airflow's Ul can serve as a central operations
console for data pipelines. Teams can quickly identify failures or bottlenecks. Airflow also has notification mechanisms
(emails on failure, etc.) to ensure issues are caught. This visibility reduces the risk of silent pipeline failures (which, if
unnoticed, could be disastrous — e.g., missing data in a submission). One life science blog emphasized that Airflow’s Ul and
monitoring capabilities make debugging easier and allow manual intervention when needed.

e Auditable Changes and Version Control: Because pipelines are code, changes to workflows can be tracked in Git with
commit history. This satisfies good documentation practice - knowing who changed what and why. For GxP validation, you
typically need to control any changes to data processing scripts; using Airflow with a proper dev/test/prod release process
means you can validate a new DAG or a change in a lower environment, then promote it with documented evidence. Airflow
itself doesn’t enforce this process, but it fits well into one.

e Community and Ongoing Improvements: Airflow is a mature project (since 2015) with a large community. This means bugs
are actively fixed and new features are added (the recent Airflow 3.0 brought performance improvements, better scheduling
options, etc.). The community can be tapped for support, and many common problems are discussed in forums. Also,
companies like Astronomer support enterprise users. Compared to homegrown pipelines, using Airflow gives confidence that
the tool will continue to evolve and stay compatible with new technologies (for example, Airflow has added support for
things like Kubernetes Executors, which didn’t exist in early versions).

However, along with its strengths, Airflow has some limitations and considerations to be aware of in life
science contexts:

e Complexity of Setup and Maintenance: Running Airflow (especially self-managed) requires DevOps expertise. You have to
maintain the Airflow scheduler, database, possibly a Celery broker, and ensure the webserver is secure. In regulated
industries, this also means hardening the servers, setting up monitoring, and handling upgrades carefully. Teams without a
solid tech ops support might struggle. This is partly mitigated by managed services (MWAA, Composer, etc.), but even then,
the DAGs themselves need to be managed and tested.
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e Learning Curve for Scientists: Airflow is code-heavy. Biologists or clinicians who are not comfortable with Python might
find it daunting to write DAGs. There may be a need for a “platform team” to implement pipelines in Airflow on behalf of
scientists. This can introduce a silo if not handled well. Some domain-specific tools with GUI (like KNIME or Pipeline Pilot)
might be easier for non-programmers, but they lack the power and auditability of Airflow code. So, organizations should plan
for training or have data engineers collaborate closely with scientists to implement pipelines. The payoff is big, but the initial

learning curve exists.

e Scheduler Overhead and Huge Workflows: Airflow’s centralized scheduler, which checks task dependencies and triggers
tasks, can become a bottleneck if you have extremely large DAGs or very short interval scheduling. For instance, handling
tens of thousands of tasks per DAG or running tasks every minute might push Airflow to its limits (though version 2+ of
Airflow made major improvements in performance). The comment we cited earlier recommended caution for workflows with

“"thousands of jobs” in niche fields like genomics (8l

peerspot.com - the user found Airflow wasn't ideal at that extreme
scale. In those cases, solutions like splitting the workflow or using a more HPC-native tool for the inner loop might be
needed. Essentially, Airflow is not a high-throughput job scheduler in the way Slurm is - it has more overhead suited for

multi-step workflows rather than massively parallel embarrassingly small tasks.

o Task Duration and Streaming: Airflow is designed for batch processing. If you need real-time streaming or tasks that
should respond in seconds, Airflow is not the right tool (latency can be on the order of tens of seconds or more for
scheduling). In life sciences, this is usually fine (most analysis pipelines run in minutes or hours, not milliseconds). But for
something like real-time device monitoring with immediate alert triggers, a streaming platform or event-driven serverless
approach could be more appropriate, possibly with Airflow handling the downstream batch aggregation. This is just to clarify
that Airflow's strength is in orchestrating workflows (i.e., defined series of steps), not in event-driven microservices
(though it can trigger based on external signals using sensors).

e Dependency Management for Python Environment: Airflow tasks run in an environment that needs all the required
libraries. In life sciences, one task might need pandas and numpy, another might need a specific version of RDKit, another
runs an R script — managing these dependencies can get tricky if all tasks run in the same worker environment. The solution
is often containerization (DockerOperator) or using Kubernetes pods per task, but that adds complexity and can slow down
task startup. It's a solvable issue but something to plan for. Without containers, you have to install all necessary libraries on
the Airflow workers, which can be a burden and potentially conflict.

e Security and Compliance Effort: While Airflow provides features like authentication, authorization (RBAC), and encryption
options, it's up to the implementer to use them. By default, Airflow’'s Ul might be open (with default creds) and expose DAG
code and potentially data connections. In a sensitive environment, one must configure Airflow carefully: enable RBAC with
strong user auth, restrict access to the metadata DB, use secure connections for database passwords (like Hashicorp Vault
backend or AWS Secrets Manager), and ensure logs don't leak sensitive info. All these are doable — and platforms like Astro
come pre-hardened - but it requires conscious effort. Also, in validated environments, Airflow itself may need IQ/OQ/PQ
(Installation/Operational/Performance Qualification) testing as a piece of software in scope. This is something quality
assurance teams would undertake — basically, testing that Airflow functions as intended in the environment and
documenting it. Organizations should be prepared to treat Airflow as a "GxP system" if it's used directly in regulated data
processing, which involves documentation and change control overhead. The benefit is still likely worth it given the
automation gains, but it's not as plug-and-play as using a vendor product that might come with compliance certifications.

e Suitability Boundaries: There are certain tasks Airflow is not optimized for. For example, user-interactive analyses (where a
scientist wants to tweak parameters and re-run immediately) - Airflow is more for predefined pipelines that run
unatteneded. Also, highly stateful processes or iterative algorithms might be awkward to express in Airflow if they require
complex looping with feedback (Airflow has some looping constructs but it's not a general-purpose programming runtime,
it's a scheduler). In such cases, combining Airflow with a more specialized tool (like a Jupyter for interactivity, or a dedicated
workflow engine for iterative model training) could be considered, with Airflow orchestrating at a higher level.

In evaluating Airflow for life sciences, one peer reviewer summarized: “/ recommend Apache Airflow because it's
open-source, but you must accept its limitations.” They warned that they “wouldn’t recommend it to companies
in biomedical or chemistry \ [fields] with large workflows and thousands of jobs" without careful consideration

8] peerspot.com. This implies that for typical workloads Airflow is great, but for extremely complex pipelines one

should perhaps architect a solution that uses Airflow in combination with other optimizations.

That said, the vast majority of use cases in bioinformatics, pharma, clinical, etc., fall well within Airflow's sweet
spot — complex but tractable pipelines, lots of integration points, need for reliability and auditability. When used
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with its best practices, Airflow brings huge improvements in productivity and governance to life science data
operations.

Real-World Case Studies

To ground the discussion, here are a few real-world (or representative) case studies of Airflow in the life

sciences:

e Clover Health (Healthcare Payer): Clover Health, an insurance company, adopted Airflow early for all their data pipelines
(notably in a healthcare context). They valued that Airflow is in Python (matching their stack) and that it can manage both
simple and complex workflows across many workers. At Clover, Airflow was used to orchestrate everything from ETL to
machine learning, and they even contributed back to Airflow’s codebase. This showcases Airflow’s use in a healthcare tech
company dealing with patient data (claims, clinical data) to improve operations and analytics.

e Large Healthcare Provider: On a Reddit forum, an engineer noted “at least one large healthcare provider runs Python ETL
pipelines with Airflow on OpenShift” (OpenShift is Red Hat's Kubernetes platform). This indicates that even organizations
traditionally cautious with open source have deployed Airflow for critical healthcare data workflows. Running on OpenShift
suggests they containerized Airflow and possibly integrated it with an enterprise security framework, aligning with internal IT
policies. It highlights that Airflow can be deployed in a way that meets stringent internal security requirements.

e Biotech Startup (R&D Data Platform): Many biotech startups (especially those in genomics or Al-driven drug discovery)
use Airflow as part of their data platform. For example, one could imagine a company like Blackthorn Al (hypothetical from
search result) delivering a genome analysis platform using Airflow alongside AWS Lambda and other services. Airflow would
orchestrate genome processing pipelines, Lambda might handle serverless tasks, etc. Startups appreciate Airflow’s quick
development cycle — pipelines can be set up in code without purchasing expensive proprietary workflow tools, and it will
scale as they grow. It's not uncommon to see a small company’s entire data processing pipeline managed by 1-2 Airflow
DAGs running on a cloud Composer or Astro, automating what a team of scientists might have done manually.

e Pharmaceutical Company (Clinical Data): A Top-10 pharma (anonymous example) has been exploring Airflow to improve
clinical trial data processing. In one case, a team built a prototype where Airflow pulled data from a Medidata Rave EDC,
transformed it to a CDISC SDTM format, and then compared results with an existing SAS-based process. The Airflow
process was faster and less error-prone, and the team is now validating this approach under their quality system. While

[10]

details are proprietary, it echoes the To The New blog scenario tothenew.com and the PHUSE presentation (Zvieriev,

2024) which both indicate significant industry interest in using Airflow to modernize clinical data pipelines.

e Academic Research Collaborations: Academic consortia (like large genome projects or multi-center studies) often need to
share and process data across institutes. Airflow has been used in some of these projects to schedule data aggregation
from each site and run unified analysis. For instance, in an international cancer genomics project, one could deploy Airflow
on a cloud environment where it nightly pulls new data from each site's server and runs an analysis workflow. This ensures
everyone has up-to-date combined results. The ability to integrate with various data transfer methods (FTP, APls, etc.) and
then execute analysis containers makes Airflow a good backbone for such collaborative pipelines.

e Lab Automation in Biotech: A synthetic biology company automated its lab data tracking with Airflow. They set up loT
sensors on bioreactors whose readings were ingested by Airflow every hour. Airflow then triggered analysis of growth curves
and updated a dashboard for scientists. It also sent alerts via Slack if any parameter went out of range during an experiment
run. This small-scale use of Airflow dramatically improved reaction monitoring and freed scientists from manually checking
readings at midnight. It's a case where Airflow wasn’t doing heavy data crunching, but orchestrating periodic data pulls and
notifications — showing its versatility.

These examples illustrate that Airflow is being applied across the spectrum of life sciences: from insurance data
to lab experiments to clinical trials and genomics. The common theme is that Airflow brings structure,
reliability, and auditability to processes that were previously manual or siloed. Real-world users report
improved turnaround times and better confidence in their data processing once Airflow is in place. As one
pharma data engineer put it, “Airflow provides a level of control and insight we didn’t have before — we know
exactly when each task ran and can prove our data is complete”. This is invaluable when dealing with regulators
or attempting to reproduce a scientific result.
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Of course, successful case studies also emphasize adapting Airflow to their needs (e.g., tuning it for large
pipelines, training staff, etc.). The technology alone is not a silver bullet; it's the combination of Airflow with
good processes that yields the best outcomes.

Best Practices for Using Airflow in Regulated Environments
(GXP, HIPAA)

Implementing Airflow in life sciences, especially in regulated contexts like GxP (good practices for
pharma/biotech) or handling sensitive health data, requires careful planning. Here are some best practices to
ensure compliance and reliability:

e Validation and Qualification: Treat Airflow as you would any critical software in a regulated pipeline. This means performing
1Q/OQ/PQ testing if required. For instance, Installation Qualification (IQ) would document the setup of Airflow (server specs,
Python version, Airflow version, dependencies). Operational Qualification (OQ) would test that Airflow’s functions
(scheduling, triggering, logging) work as intended in your environment - e.g., you might create test DAGs to prove tasks run
and log correctly, user permissions work, email alerts fire, etc., and document those results. Performance Qualification (PQ)
would involve running representative production workflows and confirming they produce correct results consistently. This
validation process ensures that the Airflow system is fit for use in a GxP setting. Once validated, any changes (Airflow
upgrades, config changes, DAG changes that affect GxP data) should go through change control with risk assessment.

e Good DAG Design and Testing: Each pipeline (DAG) that will be used in production, especially if it affects product decisions
or filings, should be developed under a controlled process. Use a dev/test/prod Airflow environment separation. Develop and
unit test DAG code in dev (you can use Airflow’'s ability to run tasks locally for testing or a sandbox environment). When
confident, promote the DAG to a test Airflow where it runs on real (but perhaps masked) data. Have business/QA owners
sign off that the pipeline output is correct. Only then move it to prod for actual use. This mirrors good practice for any
ETL/analysis code in regulated industries. Airflow being code means you can leverage standard software testing — use code
reviews, use source control, maybe even write automated tests for any complex logic in DAGs (e.qg., if you have a Python
function transforming data, write a test for that function).

e Documentation: Document the intended function of each DAG and what each task does, in a form that a quality auditor can
understand. This can be in the DAG docstring or a separate document referencing the DAG code. Also document the
configurations (like where connections are stored, what schedules are). Good documentation practices (GDP) include clear
versioning, authorship, and change history. Airflow doesn’t automatically produce documents, but you can generate DAG
documentation from code comments or simply maintain a confluence page for each pipeline. Ensure that if someone audits
the pipeline, you can provide a written SOP or description of it.

e Access Controls (RBAC): Enable Airflow's Role-Based Access Control to limit who can edit pipelines vs. who can just view
or trigger them. In a GxP setup, you might allow only the validated pipeline developers to modify DAGs, while end users (e.g.,
scientists) only have permission to view status and run approved jobs. Airflow’s security model allows creation of roles like
"Admin”, "Ops”, "Viewer" etc. For HIPAA, also ensure each Airflow user only accesses data they are authorized for - often all
data is allowed for pipeline service accounts, but you wouldn’t want, say, a contractor to log into Airflow and see patient
data in logs. Use strong authentication (preferably integrate with your company SSO/LDAP). Periodically review user
accounts and audit logs of Airflow access.

e Data Protection: Configure Airflow to use encrypted connections for database (turn on TLS for the metadata DB if possible)
and for any connections to external systems (e.g., enable SSL for connections to databases, use SFTP or HTTPS instead of
plain FTP for data transfer). Use the Airflow Connections feature to store credentials and consider using a Secrets Backend
(such as AWS Secrets Manager or Hashicorp Vault) so that credentials aren’t stored in plaintext in the Airflow DB. For HIPAA,
ensure any data in transit is encrypted (Airflow doesn’t handle data transfer itself, but tasks should use protocols like FTPS,
HTTPS, etc.). Also ensure any temporary files created by tasks are on encrypted disks and are cleaned up.
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e Audit Logging: Airflow's logs should be archived and protected. Enable remote logging to a secure storage (Airflow can ship
logs to S3 or GCS, or even to Splunk). This way if someone were to maliciously tamper with Airflow or if the server crashes,
you still have an immutable record of all task logs. These logs are part of your compliance evidence. Also, consider enabling
logging of Airflow Ul access and actions (the webserver logs can show who triggered what DAG and when — ensure to keep
those). Some companies enhance this by connecting Airflow with an audit trail system - for example, every DAG run
completion triggers a record insertion in a compliance log database with run ID, status, user, etc.

e Segregation of Environments: Do not mix dev/test pipelines with production (validated) pipelines on the same Airflow
instance if you can avoid it. A best practice is to have separate Airflow instances or at least separate namespaces for prod
vs test. This is so that experimental pipelines don't accidentally impact the validated ones, and you can clearly demonstrate
which pipelines are under change vs which are fixed for a study. If using Astronomer, for example, you can have multiple
deployments (one for prod, one for dev). In AWS MWAA, you might set up two environments. If only one Airflow is available,
at least use tagging or naming conventions to distinguish validated DAGs, and be disciplined about not changing them
without proper procedure.

e Backups and Disaster Recovery: Ensure the Airflow metadata database is backed up regularly. If that DB were lost, you
lose pipeline states and history (which could be a compliance issue if audit trails are lost). Also consider how you'd restore
Airflow in case of server failure — using infrastructure as code (Docker compose, Helm charts, etc.) can help redeploy
quickly. In cloud managed services, the provider usually handles some of this, but check retention settings (e.g., MWAA by
default might prune logs after a certain time - you might want to archive them longer if required by FDA 21 CFR Part 11,
which typically expects records retention for several years after study completion).

e Performance Tuning for Reliability: In regulated processes, a missed schedule or hung task is not just an inconvenience, it
can cause compliance headaches if a report is delayed. So spend time tuning Airflow: configure appropriate parallelism and
task timeouts, so one stuck task doesn’t block the entire queue. Use heartbeats and monitoring — Airflow can emit metrics
(consider setting up an alert if the scheduler hasn't heart-beat in X minutes, which could indicate it's down). This ensures
you catch issues proactively. Also, if using CeleryExecutor, monitor the queue lengths and worker health. Essentially, treat
Airflow as a critical production system with the same rigor you'd treat a database or web service in production.

e Compliance of Dependencies: If your Airflow tasks call external software (SAS, R, custom scripts), those themselves might
need validation (e.g., SAS is usually validated by default in pharma, but an R script might need to be). Ensure you maintain
version control of those scripts and have checksums or signatures to prove they weren't altered. Airflow can even assist
here: you can have a task that verifies the script file's hash before running it, to ensure it matches the validated version. Or
use container images with fixed digests for tasks — if an image changes, the digest changes, and you'd know a change
occurred. This level of control might be necessary for high regulatory scrutiny environments.

e Use of Latest Airflow Features: Airflow is continuously improving features relevant to reliability and compliance. For
example, Airflow 2 introduced task retry exponential backoff (to avoid overload on repeated failures), DAG versioning via
dataset references (one can define data assets and have DAGs trigger when data is updated, which could be used to ensure
dependencies), and better scheduling precision. Airflow 3.0 added a full REST API and better RBAC. While upgrading must
be done carefully under change control, staying reasonably up-to-date ensures you benefit from bug fixes (some of which
could be critical for correctness). If an upgrade is too risky for a validated state, consider at least back-porting security fixes
or using an LTS (Long Term Support) distribution if available.

e Segregation of Duties: In a GxP context, often the person who develops a pipeline (developer) should not be the only one
to approve moving it to production. Establish a workflow where QA or a scientific owner reviews and approves DAGs. This
can be as formal as needed - some might require electronic signatures on a validation document. Airflow itself doesn’t
enforce this, but your procedures should. Once a DAG is in production, restrict edit access so that it can't be changed ad
hoc. If change is needed, go through the change management process. This aligns with general GAMP5 guidelines for
computerized systems in pharma.

e Leverage Managed Services when possible: If compliance permits, using a managed Airflow (Astronomer, MWAA, etc.)
can reduce the infrastructure burden. These services often come with certain guarantees (uptime, backups) and remove the
need to patch the Airflow environment (the provider will handle Airflow upgrades after a notice). However, ensure the
managed service itself meets your compliance needs - e.g., Astronomer being HIPAA-compliant and SOC2 audited is helpful
evidence. You may need to include the service in your vendor qualification program. Some companies prefer self-hosting for
full control, but that means you take on all the responsibilities listed above directly.
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e Monitoring and Incident Response: Finally, have a plan for what happens if something goes wrong. If a DAG fails, how
quickly will someone respond? Set up alerts (email, pager, etc.) for key pipelines. Conduct periodic drills or at least analyses
of "what if this pipeline fails the day before submission — do we have time to recover manually?”. Perhaps keep manual
runbooks as a fallback. Airflow will greatly reduce failures when used right, but one must plan for contingencies in critical

operations.

By adhering to these best practices, organizations have successfully used Airflow in validated environments.
They treat Airflow as part of their quality system. In fact, using Airflow can enhance compliance: it enforces
consistency and provides logs that manual processes never had. As one case study on pharma data
management observed, automation with Airflow not only improved efficiency but also ensured compliance
through timely and accurate data handling ['?! tothenew.com. Regulators generally welcome robust automation as
long as it's well-documented and controlled. The combination of Airflow’s technical capabilities with a strong
procedural framework yields a state where data pipelines are reliable, transparent, and audit-ready - ultimately
accelerating the pace of innovation in life sciences while maintaining the highest standards of data integrity.

Sources:
e Tomar, A. (2021). Building ETL Data Pipeline for Genomics using Apache Airflow - Medium
e Reddit discussion: Pipeline managers in bioinformatics (2023) — notes on Airflow vs Nextflow
e Secoda (2024). Maximizing pharmaceutical innovation with data engineering tools — Airflow usage in pharma 191 secoda.co

e Medeiros, D. et al. (2024). A GPU-accelerated Molecular Docking Workflow with Kubernetes and Apache Airflow — arXiv
preprint

e Ju, S. (2023). Automating Healthcare Data Pipelines with Airflow, BigQuery, and dbt — Medium
e Shakudo (2025). Al-Powered Real-World Evidence use case — Airflow for RWE pipelines

e Sulstice (2019). Automating Cheminformatics with Airflow — Medium

e Reddit discussion: Is Airflow HIPAA compliant? (2021) — usage in healthcare

e PeerSpot (2025). Apache Airflow user advice - limitations for large pipelines (8]

peerspot.com
e Excelra (2023). Omics Data as a Biomedical Asset — importance of workflow tools [7] excelra.com

e Yadav, P. (2024). Automating ETL Workflows with Apache Airflow (Clinical Trials) — To The New Blog (6] tothenew.com [

tothenew.com ") tothenew.com ['?] tothenew.com
e Datta, A. (2021). How to setup Apache Airflow on HPC cluster - Medium
e Astronomer (2023). Elevate Healthcare Data Management with Astro — compliance features
e Miller, M. (2016). Pipelines in Python: Intro to Airflow — Clover Health Tech Blog

e Zvieriev, K. (2024). Data Pipelines in Clinical Trials with Airflow — PHUSE Conference (presentation) [13] lexjansen.com
(context)

e Apache Airflow Official Documentation (2025). Architecture and concepts.
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IntuitionLabs - Industry Leadership & Services

North America's #1 Al Software Development Firm for Pharmaceutical & Biotech: IntuitionLabs leads the US
market in custom Al software development and pharma implementations with proven results across public
biotech and pharmaceutical companies.

Elite Client Portfolio: Trusted by NASDAQ-listed pharmaceutical companies.

Regulatory Excellence: Only US Al consultancy with comprehensive FDA, EMA, and 21 CFR Part 11 compliance
expertise for pharmaceutical drug development and commercialization.

Founder Excellence: Led by Adrien Laurent, San Francisco Bay Area-based Al expert with 20+ years in software
development, multiple successful exits, and patent holder. Recognized as one of the top Al experts in the USA.

Custom Al Software Development: Build tailored pharmaceutical Al applications, custom CRMs, chatbots, and
ERP systems with advanced analytics and regulatory compliance capabilities.

Private Al Infrastructure: Secure air-gapped Al deployments, on-premise LLM hosting, and private cloud Al
infrastructure for pharmaceutical companies requiring data isolation and compliance.

Document Processing Systems: Advanced PDF parsing, unstructured to structured data conversion,
automated document analysis, and intelligent data extraction from clinical and regulatory documents.

Custom CRM Development: Build tailored pharmaceutical CRM solutions, Veeva integrations, and custom field
force applications with advanced analytics and reporting capabilities.

Al Chatbot Development: Create intelligent medical information chatbots, GenAl sales assistants, and
automated customer service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory management
solutions, and regulatory compliance platforms.

Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and real-time
pharmaceutical market intelligence systems.

Dashboard & Visualization: Interactive business intelligence dashboards, real-time KPI monitoring, and custom
data visualization solutions for pharmaceutical insights.

Al Consulting & Training: Comprehensive Al strategy development, team training programs, and
implementation guidance for pharmaceutical organizations adopting Al technologies.

Contact founder Adrien Laurent and team at https://intuitionlabs.ai/contact for a consultation.
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DISCLAIMER

The information contained in this document is provided for educational and informational purposes only. We make no
representations or warranties of any kind, express or implied, about the completeness, accuracy, reliability, suitability, or
availability of the information contained herein.

Any reliance you place on such information is strictly at your own risk. In no event will IntuitionLabs.ai or its representatives
be liable for any loss or damage including without limitation, indirect or consequential loss or damage, or any loss or
damage whatsoever arising from the use of information presented in this document.

This document may contain content generated with the assistance of artificial intelligence technologies. Al-generated
content may contain errors, omissions, or inaccuracies. Readers are advised to independently verify any critical information
before acting upon it.

All product names, logos, brands, trademarks, and registered trademarks mentioned in this document are the property of
their respective owners. All company, product, and service names used in this document are for identification purposes
only. Use of these names, logos, trademarks, and brands does not imply endorsement by the respective trademark holders.

IntuitionLabs.ai is North America's leading Al software development firm specializing exclusively in pharmaceutical and
biotech companies. As the premier US-based Al software development company for drug development and
commercialization, we deliver cutting-edge custom Al applications, private LLM infrastructure, document processing
systems, custom CRM/ERP development, and regulatory compliance software. Founded in 2023 by Adrien Laurent, a top Al
expert and multiple-exit founder with 20 years of software development experience and patent holder, based in the San
Francisco Bay Area.

This document does not constitute professional or legal advice. For specific guidance related to your business needs,
please consult with appropriate qualified professionals.
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