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Preface

To date, the processing of high-throughputMass Spectrometry (MS) data is primarily
accomplished using serial algorithms. Developing new methods to process MS data
is an active area of research [1], but there is no single strategy that focuses on scal-
ability of MS-based methods [2]. MS is a diverse and versatile technology for high-
throughput functional characterization of proteins, small molecules, and metabo-
lites in complex biological mixtures. In the recent years, the technology has rapidly
evolved and is now capable of generating increasingly large (multiple terabytes per
experiment) [1] and complex (multiple species/microbiome/high-dimensional) data
sets [3]. This rapid advances in MS instrumentation must be matched by equally
fast and rapid evolution of scalable methods developed for the analysis of these
complex data sets. Ideally, the new methods should leverage the rich heterogeneous
computational resources available in a ubiquitous fashion in the form of multicore,
manycore, CPU-GPU, CPU-FPGA, and IntelPhi architectures. The absence of these
high-performance computing algorithms now hinders scientific advancements inMS
research [2].

In systems, biology setting workflows (or pipelines) are frequently used which are
a sequence of loosely connected computational tasks. Database-searchworkflows are
the most commonly used data processing pipelines which require matching a high-
dimensional noisy MS data (called spectra) to a database of protein sequences. The
entire workflow is executed using as a script-like structure that executes different
algorithms which is then run on a dedicated workstation. The data volume can easily
reach terabyte level depending on the experiment and search parameters for these
workflows. The currently used state-of-the-art serial and parallel methods are data
(and communication cost) oblivious which may not give the best possible perfor-
mance for these database-search workflows. Currently used state-of-the-art serial
algorithms results in unusually long processing times.

Development of parallel computing techniques to deal with this deluge of data has
also been limited and has mostly adopted the batch mode (or embarrassingly parallel
computing) formof processing.As onemight imagine there have been some efforts in
developingHPCalgorithms that canbeused for speedingup the processing.However,
most of these efforts have been limited to parallelization of specific algorithms or
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workflows without the ability to generalize the end-to-end performance for other
existing or new algorithms. In order to take the field of computational proteomics
forward and set it afoot with more mature fields such as genomics more concerted
HPC efforts. This has resulted in limited speedups (e.g. 30x speedup for 200 cores)
and consequently limited usage by proteomics practitioners who might not see the
advantage of trivial reduction in processing times.

Our own preliminary study suggests that such workflows when used with data
divided among compute nodes in an oblivious manner lead to unbalanced workload
and results in hours to weeks of computation with the state-of-the-art software [4].
Therefore, concerted efforts are needed for the development of high-performance
computing (HPC) framework for working with large mass spectrometry data sets
while benefiting advancements in areas of science including proteomics, proteoge-
nomics, meta-proteomics, and microbiomes. These frameworks must be able to
leverage the vast HPC heterogeneous architectures that are ubiquitous in the form of
desktops, laptops, clusters, and supercomputers.

The scientific premise of this project is that progress can be gained
in developing scalable MS-based omics data analysis tools for non-model
organism proteomics/meta-proteomics/proteogenomic will require: (1) Improved
data-partitioning strategies allowing minimization of data communication between
different levels of memory hierarchy and processing units; (2) Improved parallel
algorithms on distributed-memory architectures to address the scalability limitations
due to excessive communication costs; (3) Improved parallel algorithms for CPU-
GPU/CPU-FPGA architecture to exploit heterogeneity of modern HPC machines;
(4) Integration of these parallel algorithms to XSEDE Supercomputers Gateways
will make our methods available for large-scale omics system biology studies.

To address these challenges, we will formulate and develop MS-specific parallel
computing abstraction that incurs minimal I/O times on the multitude of heteroge-
neous architectures. Second, to address the diversity of the mass spectrometry user
community, we will formulate HPC frameworks that supports scaling down analysis
(i.e. working with large data files on relatively inexpensive hardware such as CPU-
GPU without fully loading them into memory), as well as scaling up (i.e. ability to
execute the workflows on large XSEDE supercomputers and cloud computing infras-
tructure).By ensuring the compatibility ofmass spectrometry-specific data standards,
supporting the number of heterogeneous architectures for efficient processing and
generating optimized code bases in open-source format will enable the development
of scalable analytical methods. Therefore, our framework aims to democratize access
to HPC infrastructure for a broader community of life and systems biology scien-
tists, and create a blueprint for a new paradigm for HPC computing for large MS
data sets—making HPC the fourth pillar of scientific investigations.

Miami, FL, USA
January 2022

Fahad Saeed
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