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From Acquisition to Results — Low memory usage and integrated Al/ML based rescoring for

dda-PASEF immunopeptidomics searches in minutes
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We next evaluated a collection of immunopeptidomics
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(https://doi.org/10.1038/s41467-023-42692-7 ). Datafiles
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(from metaproteomics), to be searchable with modest
hardware. By controlling the size of the chunks, users can
optimize search time against available RAM, reducing the
data-processing bottleneck for hard-to search samples anc
alleviate the need for expensive computers to do sucr
orocessing. The second extension allows semi-supervisec
PSM rescoring (with sample specific fine-tuning), increasing
the sensitivity, with a minimal increase in processing time.
Both extension allow Sage-Redeem to be a single efficient
tool for bottom-up proteomics analysis.

Fig. 2. MHC calls | enrichment from Kidney, Liver and Lung tissues
(n=3) from Hoenish Gravel et. al was processed with Sage or Sage
with Redeem. Sage with Redeem shows a small increase to
processing time (C), with large gain in the number of PSMs (A) and
peptides (B) being identified. Venn diagram of the identified peptides
in the (D) kidney, (E) liver and (F) lung datasets showed good overlap.
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Conclusion:

Fig. 1: (A) Overview of the integrated Sage-Redeem workflow for fast
database search and semi-surprised PSM rescoring. To validate
that the addition of DB chunking and Redeem did not adversely
affect false discovery rate (FDR) or false discovery proportion (FDP),
we searched 3 trypsin digested human lysate samples, acquired on
timsTOF HT with 30SPD gradient, against entrapment FASTA file
with 1:5 ratio of target proteins to entrapment proteins. PSMs were
filtered to g-value 0.071 and the number of Target, Entrapment and
Decoy hits tabulated (B). No significant increased in FDP was
observed due to the addition of the DB chunking approach, Redeem
or the combination. (C) Venn diagram shows that the peptides
identified by DB chunking were nearly identical to those identified by

the standard approach.

= Database splitting and indexing allows for efficient
memory utilization for large search spaces

= |ntegrated feature generation utilizing retention time,
lon mobility and fragmentation models for rescoring
reduces overall processing time

= Sage-Redeem is a single efficient tool for sensitive
database searching
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