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Abstract

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 vyield. 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
ThermoRaweFileParser, 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 vyield, 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.

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], vielding featureXML-files of features, either with or without annotated

identifications (Figure 5).

Further, we

featureXML-files feature-wise.

of featureXML- and CSV-files.
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Extracted information from a feature

implemented a python-script,
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
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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.

Map-Alighment 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 “FeaturelLinkerUnlabled”-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 1: Data processing workflow to allow
quantification of identified as well as unindentified
features. It is implemented in Nextflow and utilizes
various bioinformatics tools.

FASTA-Generation

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.
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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).

« #Unique Peptides:
202 771 525
* File Size: 15 GB

Unique-Peptide-FASTA

Ildentification

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 g-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.

psm_id plain_peptide gvalue |fasta_id fasta_desc used_score charge retention_time |exp_mass_to_charge
QEXI38344 E1 R1 9519 3 1NCEVTTDGAHGDAAVLGK 0ID_267923901 ADATCIOHYIZ(1051:1068 mssclvg:0) 3.060209 3 2152 605.617308701667
QEXI38344 E1 R1 32043 2 vECGAERVFTAGEQEFYAEK 0ID_B9417601 ADAIHEDMA0(11:29 msschvg:0) 2.938 2 5932.2 1106.482648535
QEXI38344 E1 R1 210985 2 vSPDEFDEETLSTINK 0ID_g2602407 ADALT3S215(284:208 mssclvg:0) 2.868 2 4228.2 862.897521035
QEXI38344 E1 R1 15314 2 vCKYDASTGIATYDLSK 01D_138479531 ADAZNOUWFT(103:118 mssclvg:1) 2.856 2 31114 896.925536535
QEXI38344 E1 R1 B165 3 1|/GGSSDKYVTPSTNNQTLDSMAK 0ID_B7386578 ADALTAEGX3(167:188,mssclvg:1) 2.835 3 1926.3| 762.028B48701667
QEXI38344 E1 R1 22335 2 WWGEPTVAGATVTASVVGEGR 0ID_T1457365 ADALTAZ659(48:67, msscivg:0) 2731 2 42871 §2B.990355535
QEXI38344 E1 R1_ 35388 3 »ANITIEGDRVPLLGDADGDFSITVK 0ID_138476420 ADAZNOUWTI(569:593, msscivg:1) 2.682 3 65041 872.789848701667
QEXI38344 E1 R1 33942 3 »WLDGVTNSQVDETGTTKPLLECITSGVLR 01D _222981237 ADAAVEHSET(415:443 msscivg:0) 2.566 3 6255.5 1034.87374870167
QEXI38344 E1 R1 34082 3 »DLVIDHVTAVGNGFGEWLHAK 0/ID_138280656 ADAZMOUHY1(135:155 mssclvg:0) 2.552 3 62794 TE0.061748701667
QEXI38344 E1 R1 24326 2 vLDPATGOVAEENPDFLK 01D_132403165 ADAZHAUTNT(347:363, msschvg:0) 2.528 2 4622.6 §22.450899035
QEXI38344 E1 R1_ 32588 3 »WWENDGEEWIGIGDGYEQMNFTFNWVEK 0ID_138280719 ADAZMOUHY1(83:107 mssclvg:1) 2.517 3 6025.2) 953.461548701667
QEXI38344 E1 R1 22259 3 vEAGIDAHGYVCDVTMEEAVNATVEK 0ID_71240794 ADALTAYMGE(55:79,msscivg:0) 2.509 3 42744 B97.746448701667
QEXI38344 E1 R1_33520_3 vACEEAGLEDIKPVLEGTTAIATSDSEYAAAAR 01D_1384921409 ADAZMNOLXCK4(65:96,msscivg:0) 2.381 3 61839 1103.86694870167
QEXI38344 E1 R1 21039 2 wMTGANGTFADGTLLYK 0ID_B4172724 ADALGEIVB2(646:661,mssclvg:0) 2374 2 4220.5 838.404906535
QEXI38344 E1 R1 36151 2 vWYAEDDFADNLVEDYNIR 0ID_71343239 ADALTAYY25(22:39,mssclvg:0) 2.355 2 66354 1124.458595535
QEXI38344 E1 R1 12021 2 »WISENTSDOQAELYOK 0ID_229726889 ADASEAUIL(339:353 mssclvg:0) 2.348 2 2566.2 862.924948535
QEXI38344 E1 R1 35518 2 vGLYDLNTFTTDEAVIPTR 0ID_112663980 ADALY3IV1IZ(TE:93 mssclvg) 2.347 2 6526.2 1013.510070035
QEXI38344 E1 R1_19453 3 +IDGEAYKDDTEAVEVLK 01D_132410114 ADAZH4UTYE(219:235 msscivg:1) 2.282 3 3802.2) 632.314248701667
QEXI38344 E1 R1 12284 3 wNAHSADSOTVOYSTDNDFASTPK 0ID_230626354 ADASBSVPBT(184:206,mssclvg:0) 2.252 3 2609.6/ 828.703048701667
QEXI38344 E1 R1_ 23730 _2 »ISYTNVVSSDSYEFK 0/D_138280755 ADAZNOUHYL(733:747 mssclvg:0) 2.25 2 4522.2 B869.912414035

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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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 PSMis.

Grouping Results

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.

Intensities of each individual run Identifications (if any) ‘of each individual run
A

openms_ceid ! QEXI38344 E1 RI¥QEXI38346 E1 R2 ¥QEXI38348 E1 R3 ¥QEXI38350 E2 RIMQEXI38352 E2 R2WQEXI38354 E 2_R3_\> {;}EXI 38344 E1 ¥QEXI38346 E1 R2¥QEXI38348 E1 PIQEXI38350 E2 RIMQEXI38352 E2 RIMQEXI38354 E z_é»
e_6116361107602498152 | 22917783.0820313 28079660.0214844] 27657905.4726563 10302089.0351563 9320479.04296875 10661458.8125]] i i i i i
e 0178562881278730626 @ 6576837.91601563 5459923.53515625 5845926.2890625 3612897.57421875 4360389.32617188 3518941.97265625(] i 0 i i i
e_14005024813644054601 = 55153487.7265625 53789080.7382813 58923113.1171875 11426754.4414063 9085200.27530062 10654955.5644531 ][] 0 0 0 i [

44516804.5849600 53755630.5214844 52338012.0648438 13768099.4433504 13532582.8867188 11886835.8330844 [EVGHLLLADGP [EVGHLLLADGK] [EVGHLLLADGK[EVGHLLLADGK] |[] [EVGHLLLADGK™

5941727.04785156  7165953.18066406  6282960.5234375 347820606.125 300509753.894531 390621547.132813][ 1]

e_2892285573715440162
e_1491278850702548667
e_2304183421433947950
e 5474954868641804504

4026943.89160156  3849240.89746094 3653226.97070313  3025191.0234375 2851391.45898438 3593410.98242188

1

I [DFFVIK]
555690.147949219 956872.459960938 935600.074707031 2789844.40771484 2550846.51855469 2900869.37304688 (] 0

1

1

e_15854377391911229412 | 2627022.70507813 2646163.40820313 2267286.36914063 2720864.6484375 2685771.08789063 2622453.60839844 ]
e 9163210441473129144

4472265.39648438 5533504.44335938  5512142.8828125 12009392.5380859 11611375.0957031 12794310.7851563

e_18054372544125784917
e_468375293401509612
e_10453005860655586422

e_8509942285936220966
e_17988817177269934300

e 11085734857716923314
e_16011306325461573678
e 22093563373767754690
e_16946339549751462611
e 11997386837538766114
e_10741782710561529751
e_2746148568015779495
e 11150193260188910288
e_4589775593772874951
e 706797290051250772
e_2699065074954440880
e 9274267830939569421
e_7914847954524921177
e_12754985613073064302
e_838688181879016184

e_12801379219480850844

4983510.89257813
2039540.05078125
13710370.1474609
2660245.73046875
2778246.2421875
2711015.43261719
26256817.890625
9937834.9921875
49723342.8066406
22852568.5859375
1703491.81933594
5457456.7578125
2296277.59375
10922787.8222656
1578016.36523438
4730819.92773438
15771144.4443359
2136053.0234375
12381928.1328125
862952.977539063
8856586.203125

5194515.40136719
1144874.25
19811064.8100586
5375172.3046875
2562679.75390625
3031834.51464844
25862650.1875
9613851.72070312
53642528.1484375
10481086.3222656
1866271.55859375
5867664.98242188
2562518.14648438
12725953.3457031
3436817.80859375
5379742.20800781
17993566.9277344
2001586.01953125
11417143.0273438
1004316.984375
21929192.2773438

4741136.2890625  3750412.8046875 4404998.046875
990964.510742188 1029640.03125 1311899.29101563
16851345.3789063 39564192.3203125 44190308.9741211
5139203.75390625 4904492.83398438 4902201.77929688

2530304.8828125 2279731.30859375
2714177.16015625 4035867.3125 3278791.02539063
23373536.0507813 1433717.68554688 2694267.3671875

2463402.75

10348507.375 3323571.61035156 4137834.77050781
59360141.890625 55482522.3984375 59200021.0429688
10381303.1992188  6953750.7265625 7504960.671875
1496360.62792969 4692432.88671875 4689007.21289063
5497153.52734375 1539080.86816406 1434886.2265625
2296543.6015625 3517270.72070313 3455389.08007813
15232020.6386719 5302858.01953125 9194739.20898438
3451668.703125 2518336.234375 3009311.55957031
6549552.89257813 4380234.04882813 3840710.68945313
22380085.2578125 0643499.60742188 09465560.71142578
3905986.93359375 2616380.33984375 2136746.8671875
10878090.375 9826015.4375 8862904.3125
812377.633789063 1422308.734375 1810715.91503906
17173179.9296875 604846.850585938) 439153.62890625

_

\

Figure 8: Final result of the Pipeline.
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Only intensities and peptide identifications are illustrated.
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