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Introduction:
Mass spectrometry based stool proteomics enables the quantitative analysis of host
and microbial proteins, providing a better understanding of host microbe interactions
and the mechanisms involved in the development of various diseases. However, the
high complexity and heterogeneity of stool make both sample processing and analysis
of the obtained MS-data non-trivial. Thus, the complexity of the samples requires large
or specially developed databases for spectra identification, which can lead to an
overestimation of the FDR and a low identification yield. The high biological
heterogeneity also leads to unreliable quantification results.

Method:
With our work, we describe a data-processing workflow for quantification of stool
samples, using already well-established tools. To achieve this, we use Nextflow as the
workflow engine, converting measured samples into an open-data-format with
ThermoRawFileParser, searching spectra using Comet and applying the feature
detection and matching between samples, using identified precursors with OpenMS.
To counter the FDR-overestimation and to increase the ID yield, we designed a
peptide-FASTA-file containing only unique peptides of around 1000 species which have
been found in the human gut.

Results:
Preliminary results show, that a matching between features in datasets is possible,
using only the identified precursors. Further, intensities of identified as well as of
unidentified features can be extracted and used for quantification across measured
samples. Since this workflow is in an early state, it remains of special interest to verify
each step to check for its reliability. But since it provides quantification information of
identified and unidentified features, such a workflow could prove itself very useful for
complex and heterogeneous samples in metaproteomics like stool where the
identification yield is low.
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Figure 1: Data processing workflow to allow
quantification of identified as well as unindentified
features. It is implemented in Nextflow and utilizes
various bioinformatics tools.
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In metaproteomics, the species within a sample are not exactly known. Unlike in a
common proteomics workflow, where a sample of a specific species is measured
and analyzed, selecting a protein-database is a non-trivial task. Selecting a good-
fitting protein-database is crucial, since if not well-chosen, all subsequent steps
which depend on the identification results can perform worse or yield not reliable
results.

The authors from Mirjana and Willem [1] provide a list of ~1000 species, which
we set as our protein-database. We downloaded the species from UniProt using
the provided API. Additionally we downloaded and added the human proteome
into this protein-database. Figure 2 shows how we processed the proteins and
provides some characteristics of the FASTA-files, which we used in the final data
processing workflow.

FASTA-Generation

The identification was done by Comet [2], with the “decoy_search”-setting set to
1, which generates the reverse sequence for each entry in the FASTA-file as a
decoy. Additionally to improve the number of identifications and to counter the
FDR-Overestimation, we included Percolator [3], which rescores the identification
results. The q-value was then calculated and we selected a cutoff of 5%. The
identification step returns a CSV-file, containing specific column for subsequent
steps. An overview of the columns can be seen in Figure 3.

This step was tested on two FASTA-files. The first FASTA-file was generated as in
Figure 2. The second FASTA-file was generated by downloading the canonical
FASTA-entries from UniProt directly (using ~1000 species as above, but also
including the human proteome). Figure 4 summarizes the identification results.

Figure 3: PSMs from 1 RAW-file, showing all the columns, which are generated along this step.
The columns: “retention_time”, “charge” and “exp_mass_to_charge” are needed to determine
if and in which a PSM is inside a feature.
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Match-Finding and XIC-Extraction
With the help of pyOpenMS [4], we generate a so-called idXML-file of the
identification results. The matching between found features at the MS1-level and
the idXML-file can be then done with the “IDMapper”-node provided by OpenMS
[5], yielding featureXML-files of features, either with or without annotated
identifications (Figure 5).

Further, we implemented a python-script, parsing through the resulting
featureXML-files feature-wise. Per each feature we extract the annotated
information and save them in a table-format. Additionally, the XIC-extraction
functionality provided by the ThermoRawFileParser [6] is used, extracting the XIC
of the found feature. An example can be seen in Figure 6. This step returns tuples
of featureXML- and CSV-files.

After features have been matched, we use the CSV-files and group the entries
according to the generated matches described in the consensusXML. The final
table contains per column, data about a run and an attribute and continues with
the next runs, then with the next attribute. Essentially all columns from previous
steps are saved here. Figure 8 shows a part of the final result of the pipeline.

Identification

Map-Alignment and Feature-Matching
Using from the input only the featureXMLs, we use the “MapAlignerTreeGuided”-
node from OpenMS [5] to correct shifts and distortions at the retention time. This
implementation uses the peptide identifications annotated on the featureXMLs for
correction across runs. Afterwards the “FeatureLinkerUnlabled”-node is used,
generating a so-called “consensusXML”, describing connected features. The Figure
7 illustrates visually, what the consensusXML contains.
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Figure 2: Protein-Entries which have been
downloaded from UniProt. These were then added
to ProtGraph, exporting a SQLite (and FASTA) of all
canonical unique tryptic peptides (min. length 5,
max. weight 6500 Da and max. misscleavages 2).

Process data

Export SQLite (and FASTA)

Protein-FASTA (undigested):

• ~1000 Species

• ~12M Proteins

→ Yields 1371 PSMs (0.05 FDR)

Unique-Peptide-FASTA:

• ~1000 Species

• From 12M Proteins

• ~202M unique peptides

→ Yields 6803 PSMs (0.05 FDR)

Figure 4: Number of PSMs between two differently generated FASTA-files. We
searched 6 RAW-files generated from measuring two stool-samples. We
decided to use the Unique-Peptide-FASTA, due to yielding ~5 times more PSMs.
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Figure 6: Extracted information of an feature after matching with identifications and
XIC-extraction. In this example only one feature is annotated with an PSM.

Extracted information from a feature

Retention Time

m/z

Legend:

Figure 7: Shows the matching of
3 features. The matching, can
connect identified features
(black), and also identified and
unidentified features (grey). If a
feature is not present in a run, it
can also be skipped (red).
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Figure 8: Final result of the Pipeline.
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Figure 5: Illustration of
identified (black) and not
identified (grey) features.
Identified features have at least
one PSM associated to them
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