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Introduction

Immunopeptidomics is essential for characterizing antigen presentation
and advancing targeted immunotherapies. We have previously shown that
using Spectronaut 20 directDIA approach outperforms identifications of
immunopeptides compared to library-based analysis. However, in the im-
munopeptidomics field, it is crucial not only to identify more peptides, but
to identify the important low abundant antigens, differentiate the import-
ant peptides from in-source fragmented (ISF) peptides and identify them
in the small amount of patient tissue samples. Here we show that directDIA
in Spectronaut allows for accurate identification of important antigens di-
rectly in complex patient samples.

Methods

directDIA Analysis with Spectronaut

(A) Kui (B)  Total Peptide Identifications
‘d uiper 30
Kuiper < we |©
FASTA 5 = 20 I
rocessor z LIL
2 10 $‘ ~
g
>N [ s Or———- e — - —— -
0 o o °
S ! % Total Processing Time
MS2 Scans 0 % ¥ 00— ‘: _— -
I| > L hd qé @
| 0>J_1O ° ”o
Peptid 2 oL 38
—) Pulsar —) Peptide = o e
i identifications £ -20 o
= o r...
Improved Scoring o
and Enumeration Spectronaut 21

Figure 1: Immunopeptidomics workflow in Spectronaut: (A) In Spectronaut 20, a new search
engine, Kuiper, has been added, to allow for fast and sensitive searches in unspecific search
space. Kuiper is utilized to reduce the peptide search-space to only the top-most likely candi-
date peptides per MS2 scan. These peptides are then fully enumerated and scored using the
Pulsar search engine. (B) With Spectronaut 21, we further improved our algorithms and deep
learning models, which led to 11 % improvement in total peptide identifications and 15% im-
provements in total processing time on average across 32 class T and class 2 datasets.

In-Source Fragmentation Algorithm
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Figure 2: Annotation of ISF frag-
mentation in Spectronaut

The algorithm efficiently searches
the sequences and annotates the
full sequence peptides (Parent)
and subsequences (Child) that
share the same retention time
and indicate ISF [1].

(A) Example XIC for a group of
peptides. The peptide annotated
as “No ISF” shows significantly
different Retention time, Parent
and Child show identical reten-
tion time and peak shape.
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(B) Example peptides found in
MHC-Class 2 experiment. ISF an-
notation allows for efficient filter-
ing of artifacts.
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Results

In-Source Fragmentation Detection
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Discovery of Low-Abundant Bacterial Epitopes
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Figure 5: Detection of epitopes after Listeria infection. (A) Experimental workflow from Willems et al., 2025 [3]. HelLa cells were infect-
ed with Listeria and immunopeptidomics results were compared to uninfected cells. (B) Total peptide identifications (human and Liste-
ria) detected by Spectronaut 27 versus DIA-NN 2.0.2 from publication. Spectronaut identified 30% more peptides, with higher fraction
of good binders (78% vs 73%,). (C) Overlap of high quality Listeria epitopes, identified in at least 2/4 infected samples and not present in
uninfected samples. High quality epitopes did not contain ISF. (D) Processing time required to search the data. Analysis time for Willems
et al. was calculated from published analysis logs, while Spectronaut 27 was run on a computer with the same number of CPU cores (32).

Application to Cancer Tissue Samples
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Figure 7: Identifications in different tissues. (A) Overlapping identifications for Patient 4 (left)
and Patient 8 (right) across three tissue samples. We observe high overlap between the tis-
sues, while Tumor and Metastasis additionally share most identifications. (B) Abundance of
ALYHQSPLL, described in US patent US20200093862A1 as a candidate for cancer immuno-
therapy and SVASISLTK, a non-canonical immunopeptide previously reported in Waleron et al.
(BiorXiv, 2025).

Conclusion

* |ISF is more present in MHC-class 2 datasets (Figure 4), while the fraction
varies for MHC-class 1 datasets. Filtering out the ISF peptides increases
the data quality (Figure 3).

e Spectronaut 271 outperforms other solutions for epitope discovery from
DIA data, both in terms of processing time and identifications (Figure 5).

e Spectronaut allows for analysis of biological studies in a single experiment
and can identify neoantigens with immunotherapeutic potential (Figure 7).
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