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Challenges in Label Free MS-based Quatitative proteomics
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Challenges in Label Free MS-based Quatitative proteomics

sample proteins peptides HPLC ESI '|on trap

Peptide characteristics

* Modifications MS MSZ
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* Context dependent Identification
* Non-random missingness
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Challenges in Label Free MS-based Quatitative proteomics

MS-based proteomics returns peptides:
pieces of proteins
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Challenges in Label Free MS-based Quatitative proteomics

We need information on protein level!
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Spike-in study (Shen et al. 2018)

Human E. coli

R

5 spike-in concentrations

DonOonono

E. roh concentration

@ 4 repeats per spike-in condition
@ Trypsin-digested human proteome
o After MaxQuant search with match between runs option

o Only 50% of all peptides are quantified in all samples
— vast amount of missingness
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MSqRob workflow (Goeminne et al. 2016 MCP, PMID: 26566788)

__ pgroup run Qpep )
Ygrp = ﬁg + u, + Jp + €rp
protein-level

© [3&°UP: spike-in

@ random run effect u/"" ~ N (0, O’r2un)
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MSqRob workflow (Goeminne et al. 2016 MCP, PMID: 26566788)
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MSqRob workflow (Goeminne et al. 2016 MCP, PMID: 26566788)

group run apep )
Yerp ﬁg uy 3p €rp
protein-level

© [3&°UP: spike-in

@ random run effect u/"" ~ N (0, arzun)
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MSqRob workflow (Goeminne et al. 2016 MCP, PMID: 26566788)

__ npgroup run apep
Ygrp = ﬁg + u, + Jp + €rp
protein-level

© [3&°UP: spike-in

@ random run effect u/"" ~ N (0, O’rzun)
— Addresses pseudo-replication 8 -
peptide-level B
a 87
. o ,— {=2]
@ peptide specific effect 75" S )
e 5 2 g S
@ within run error ¢,, ~ IV (0.0() £ .
Estimation ]
© Robust regression for outliers <] :
e Penalise 6treat (Ridge regression) ADGLAVIGVLMK VLDALQAIK \/LDALQ/‘MKTKGK VSSLA‘EAASK

Peptide Sequence

© Empirical Bayes variance estimation
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Peptide Intensities
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Summarisation based methods

@ Perseus: MaxLFQ summarization & Inference with t-test
@ Proteus

o Summarization: average of 3 high-flyers
o Inference: limma (linear model + EB)

o DEP

o Summarization: MaxLFQ

o Imputation at protein level: missingness at random and by low
abundance

o Inference: limma

proDA
o Summarization: MaxLFQ
o probabilistic dropout model
o Inference: linear model + EB
o MS-stats
o Summarization with peptide-based model (median polish)

o Imputation at peptide level: missingness by low abundance
o Inference: linear model

(]
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Isation

Summar

maxLFQ msstats

high flyer

no summarization
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Q Wrap-up

15/34



Fit MSqRob mixed model in two-stage approach

MSqRob
@ No protein summaries available
o Difficult to disseminate

@ Unclear to calculate degrees of freedom to adopt t-tests for
inference in experiments with small sample sizes

— Modular approach
© Summarize peptides to proteins using robust regression

@ Robust penalized regression of protein level summaries
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Summarisation with peptide based model

Intensity (log2)
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Summarisation with peptide based model

Intensity (log2)

ADGLAVIGVLMK VLDALQAIK VLDALQAIKTKGK YSSLAEAASK
Peptide Sequence

Protein by protein analysis of peptide data with linear model
peptide level protein level

— run
Yp = €mp + By
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Summarisation with peptide based model

Intensity (log2)
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Peptide Sequence

Protein by protein analysis of peptide data with linear model
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Robust estimation using observation weights

Intensity (log2)

e Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...
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Robust estimation using observation weights

Weights

e Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...

Huber Weights
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o M-estimation: implemented by iteratively fitting model with

observation weights
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Robust estimation using observation weights

e Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...
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Robust estimation using observation weights

e Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...
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Inference upon summarisation: Protein level model

yr = Bo+ By ter

Human protein

@ y,: protein summary of run r an u -
group _ ¥ ; il — :
°o X5, 88 BT
a b c d
Condition
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Inference upon summarisation:

v = ot B e
= X£B+€r

@ y,: protein summary of run r
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o xf “P=1if runrin group g
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Inference upon summarisation: Protein level model

v = Bt BEP e
= X£B+€r

@ y,: protein summary of run r | | =
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MSgRobSum: robust M-estimation + ridge regression
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MSqRobSum vs MSqRob
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Still very good performance
@ 3 times faster

df well defined

©

@ Summaries for visualisation



MSqRobSum vs DEP

True Positive Rate
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Summarisation & inference are modular
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Summarisation & inference are modular
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Summarisation & inference are modular
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Fold change estimates
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Missing peptides
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Hurdle Model

{ Zpr| Xpr ~  B(m)
ypr|Zpr = 17Xpr7 u;un ~ N(,UfprvOQ)

@ binary component z,. with detection probability 7,

zpr = 0: Peptide intensity is missing
zpr = 1: Peptide intensity is observed

@ Normal component for log2-transformed intensities y,, for
peptide p=1,...,Pinrunr=1,... R
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Hurdle Model

2

{ Zpr| Xpr ~ B(7)
Ypr|zpr =1, xpr, uy™" N(,“pr: 02)

o Likelihood of the model implies an estimation ortogonality

e Estimation and inference on 7, via logistic regression of
peptide presence absence: differential detection

o Estimation and inference on mup, via MSqRob model:
differential expression given detection

o Combine inference on both components using stageR
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True positive rate
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Case Study: Doll et al. 2017. PRIDE: PXD006675

Superior
Vena Cava |

Pulmonary

Tricuspid |
Valve

Inferior Vena Cava Pericardium

@ 3 patients

@ biopsies of multiple
heart regions

Left Atrium

Right Atrium
Atrial Septum
Left Ventriculum
Right Ventriculum
Ventriculum
Septum
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Case Study: Doll et al. 2017. PRIDE: PXD006675
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PXD006675

NTN1

Doll et al. 2017. PRIDE

Case Study
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PXD006675
ACACA

Doll et al. 2017. PRIDE

Case Study
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Wrap-up

o

o
o
o

©

Summarization has to account for peptide effects
Imputation can be very detrimental
Robust summarisation can avoid imputation to some extend

Robust inference with linear models further improves the
performance

Hurdle model builds upon missing peptides without needing
rigid assumptions

Preprint on summarization: Sticker et al. 2019 biorxiv
http://dx.doi.org/10.1101/668863

Preprint on hurdle model: Goeminne et al. 2019
https://doi.org/10.1101 /782466

Robust summarization is also implemented as a method in the
combineFeatures of the MSnBase bioconductor package.
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statOmics is hiring predocs and postdocs

statOmics.github.io
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Ghent, Belgium
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M-estimation

o Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...

Least Squares Loss Function
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M-estimation

o Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...

Loss function

o
54

Huber Loss Function

Residuals

Standardized residual

T
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T T
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Peptide Sequence

T
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M-estimation

o Outlying peptide intensities: incorrect peptide identification,
post-translational modifications, ...

Huber Weights

@ |
=) w ]
o
=l 2
@
2~ | s
5° 3 29
5] @
B &
= R ]
0 | o
=} ?
1
< S
I 7
: ‘ : : ‘ ‘ ‘ : ‘
-4 -2 0 2 4 ADGLAVIGVLMK VLDALQAIK VLDALQAIKTKGK YSSLAEAASK
Standardized residual Peptide Sequence
n P
2
H pep run
argmingeer  gsamp E E w(erp) (v — B5° —
g By, pBi rp) \Yrp P r
r=1 p

o lteratively fit model with observation weights w(e,)
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Ridge regression
Yr = Xfﬁ + €

Parameters estimation with loss function:

argmin Z w(d,) (yr — Xiﬁ)z + A Z (B)?
r=1

g#0

with \: penalty term for regularization of parameters of interest
estimated using link between ridge regression and mixed models
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Ridge regression

Tune the ridge penalties by exploiting the link between ridge
regression and Mixed Models:

}/r:Xf,B"i‘er
with
0 ﬁgNN(o,U;) withg=1,...,J
° e,NN(O,Jz)

@ Variance components are estimated using Ime4 mixed model
software

@ Predictions of the random effects 3, coincide with solution of
ridge estimator.
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MaxLFQ summarization
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