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An automated, scalable proteomics data analysis workflow Proteomics data analysis pipelines with a smart cloud infrastructure
Liquid chromatography coupled with mass spectrometry (LC-MS) has grown into a Multiple cloud services working in harmony
ubiquitous detection platform due to its speed, sensitivity, and applications. While
instrumentation hardware continues to improve, the concurrent increase in Cloud-First Laboratory Coordinating automated injection analysis
translation from data to insight remains a bottleneck. Previously, we have 7 e
demonstrated a cloud-based serverless task-based infrastructure where closed- Spark
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services such as lambda functions and step functions. In this work, we focus
on scaling label-free LC-MS data analysis workflows to enable large cohort studies

using open-source algorithms leveraging distributed computing models in our AWS .}3@. e e
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» Most LC-MS data analysis solutions are built for desktop environments and are closed-source ‘black-
box’ executables and cannot be distributed natively
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Figure 3. Laboratory automation and cloud processing. Vendor-neutral LC-MS files are automatically uploaded to our
AWS ecosystem via transfer agents and parsed into multiple file formats for processing. Files are then processed by various algorithms
» Existing applications are not designed for increasing compute and memory deployed as nodes in the elastic container service repository and pipelines are orchestrated by the Prefect and AWS step function orchestration
engines. Persistent data is stored using a combination of document and relational databases while intermediate objects (e.g., mass traces) can
be stored in S3.

» Differential proteomics data analysis of large data sets (‘group runs’) require data aggregation which
IS memory/disk limited

» There is a need to modularize the ever-growing collection of applications for both DDA and DIA
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The 200-sample DDA and DIA study was processed, generating unbiased proteomics data of over 5,000 proteins

Handle hundreds ﬁ\gggyoze
to thousands of injections Containerization and tranching of files per container resulted in excellent scalability of feature finding and peptide oerences

Conclusion samples spectral matching of the Alphapept pipeline across the AWS ECS task infrastructure 1 Blume et al. Nat. Comm (2020)

> 5000 Fast raw signal Modifying DIA pipelines to efficiently leverage cloud resources was implemented 2 Strauss et al. BioRxiv (2021)

protein groups interrogation

Ingestion of raw MS data into the Delta Lake provides a basis for ultra-fast raw signal interrogation with elastic
computing features such as autoscaling
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