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Central dogma of molecular biology

\ N : ‘\~ g‘
DNA/GENE RNA / TRANSCRIPT PROTEIN
ATGGCGGCGGCCGGAGATAG AUGGCGGCGGCCGGAGAUAG MGVPSGLILCVLIGAFFISM

TGGGGCCTACGATTGGGL...] UGGGGCCUACGAUUGGGL...] AAAGDSGAYDWVMPARSI...]
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delicious waffles

DNA/ GENE ” RNA / TRANSCRIPT PROTEIN

TTGCCCATTAGCTGTTGTCT AUGGCGGCGGCCGGAGAUAG MGVPSGLILCVLIGAFFISM
TAGTTCAAGATTTTGTTL...] UGGGGCCUACGAUUGGGL...] AAAGDSGAYDWVMPARSI...]
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DNA / GENE

TTGCCCATTAGCTGTTGTCT
TAGTTCAAGATTTTGTTL...]

4 characters
linear
1 or 2 copies per cell

PROTEIN

MGVPSGLILCVLIGAFFISM
AAAGDSGAYDWVMPARSI...]

20 characters
linear folded into 3D structure
1-107 copies per cell
post-translational modifications



-0omics

= study of biomolecules in full context (holistic)

molecule

DNA
RNA

protein
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-0omics

= study of biomolecules in full context (holistic)
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-0omics

= study of biomolecules in full context (holistic)

molecule entity name collection field of study
DNA gene genome genomics
RNA transcript transcriptome transcriptomics

protein protein proteome proteomics
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proteomics

= study of proteins in full context (holistic)
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mass spectrometry
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mass spectrometer

very sensitive molecular “scale”
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Proteins
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machine learning



artificial intelligence

machine learning
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weight  cost

€54

34 kg

12 kg
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y=a-x1+b
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proteomics
+ mass spectrometry

+ machine learning
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Key elements to successful peptide spectrum
identification?

Detection
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Key elements to successful peptide spectrum

identification?

High quality
spectra

@,

Performant scoring
function

Triangle of
successful
peptide
identification

Ideal search
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intensity

Machine learning to the rescue!
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intensity

Machine learning to the rescue!
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Machine learning to the rescue!
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MS2PIP: Peptide spectrum prediction for
multiple fragmentation methods,
iInstruments, and labeling techniques



MS2PIP can accurately predict peptide fragmentation spectra
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However, peptide fragmentation can drastically differ
between experimental setups

-2 : ' T _ _ mmm TMT-labeled
; : mEm Unlabeled

-4 T _—

—@

logZ inte

—

logZ inte

¥yl y2 ¥3 v ¥o yb ¥7 v8 Y9 y10 yll yl2 yl3 yld
ian
56



Specialized setups require specialized MS2PIP models

Prediction HCD model
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Specialized setups require specialized MS2PIP models
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| trained new models for multiple fragmentation
methods, instruments and labelling techniques
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As expected, training data-specific models
substantially improves the predictions
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Interestingly, similar fragmentation effects across setups are
highlighted by the model performances
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Removing the hidden data dependency of DIA
with predicted spectral libraries



DIA uses wide isolation windows,
resulting in complex chimeric spectra
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Figure adapted from R Peckner et al,, Nat. Methods 2018, doi:10.1038/nmeth.4643



Therefore, DDA spectral libraries are often
used for spectrum identification

L spectrum
oA \—LL_LLL matching

~L Z DDA spectral library
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sample |
DIA 1) |
1A sgectra v/| Full LC-MS/MS information
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X Limited to what DDA can identify



In silico predicted spectral libraries can free
DIA from this DDA data dependency

@@ cull orot ) Full LC/MS-MS information
[ Full proteome ] ull proteome DIA identification x Large search space
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MS2Rescore: Leveraging spectrum
predictions to enable novel proteomics
workflows



Percolator combines different peptide match
information sources and learns how to separate true
from false identifications
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Machine learning-based information can be passed to
Percolator for improved rescoring
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Explaining FDR/identification rate plots

More identifications

——
Lower false discovery rate

— Less false positives
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MS2Rescore in proteogenomics:
Higher ID rate, at a 10-fold lower FDR threshold

Steven Verbruggen (2021) MCP. doi:10.1016/j.mcpro.2021.100076 71



MS2Rescore in proteogenomics: " .
Higher ID rate, at a 10-fold lower FDR threshold E
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MS2Rescore in metaproteomics:
From 0 to 20 000 identified spectra
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MS2Rescore in metaproteomics
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MS2Rescore in immunopeptidomics:
+46% spectrum identification rate
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MS2Rescore in immunopeptidomics: C
+36% unique identified peptides e S|
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MS2Rescore in immunopeptidomics: C
+36% unique identified peptides e S|
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MS2Rescore in immunopeptidomics:

+46% identification rate

base peak percentage
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MS2DIP:
spectrum prediction for modified peptides



Deep learning allows a generalization across
unmodified and modified peptides
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out-of-the-box pDeep3

iminary resu

Prel

I MS?PIP 2019
[ pDeep3

I MSDIP

Modified

Unmedified

1.0

0.8

UQIIE|21I0D UOSIead

0.2

0.0

Pracursor charge

Precursor charge

1.0

(S60E=U)
Axoaqg

(Brze=u)
RELII RN EL

(15€2=U)
|[Ayrawoplwegedlq

T (1esz=uw)

wnjuowiwy

(ogzz=U)
[I1]a4:uoneD

(Fgee=u)
[Inl=24:uone)

(pSpz=u)
:uoned

(t61E=U)
Aoy

(165Z=U)
o4ins

(zogz=)
aupijozely |

(8GoE=U)
oydsoyd

(9g5e=U)
[Ay1em

(8zzv=u)
uonepxo|d

(609%=U)

(DO(E)(9)HRIRQ

(g8y=u)
[AurBWAXOqIeT)

(929%=u)
|AuLiog

T (zers=u)

0.8

uolje|a10d uosiead

0.2

<
=]

|Awegie)

T (sg9Ez=U)

paiEpiWesq

(566565=U)
uonepixg

(1862L=U)
JAyIBWopiweglen

81



Introduction (Dutch)
proteins and proteomics
mass spectrometry
machine learning

Results (English)

MS2PIP: Peptide spectrum prediction for multiple fragmentation methods,
instruments, and labeling techniques

Removing the hidden data dependency of DIA with predicted spectral libraries
MS2Rescore: Leveraging spectrum predictions to enable novel proteomics workflows
MS2DIP: spectrum prediction for modified peptides

Discussion and future perspectives (English)



In challenging experimental workflows, machine
learning can rescue peptide identification rates
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More sensitive scoring methods also allow for more
specificity: 0.1% FDR to replace 1% FDR?
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My “ML in proteomics wish list” for the (near) future

Better metadata in public data

Use of standardized file formats

More modularity and interoperability in bioinformatics software
Modularity and sharing of deep learning networks

High quality, community-curated training data



The future of MS-based proteomics lies in the discovery of the unexpected

requiring more sensitive methods

where machine learning will take a central role
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