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Abstract

A major goal in proteomics is the comprehensive and accurate de-
scription of a proteome. Proteomics provides additional insights into
biological systems that cannot be provided by genomic or transcrip-
tomic approaches [1]. In particular, proteomics holds great promise
for the identification and quantification of biomarkers capable of ac-
curately predicting diseases already at a very early stage.

We propose a statistical approach to protein quantification based
on shotgun experiments with four main advantages:

(1) Peptide intensities are modeled as random quantities, allowing
to account for the uncertainty of these measurements.

(il) Our Markovian-type model for bipartite graphs ensures trans-
parent propagation of the uncertainties and reproducible re-
sults.

(ilf) The problem of peptides mapping to several protein sequences
(often neglected in other models) is addressed automatically
according to our statistical model.

(iv) Peptides with outlying intensity values can be assessed and
classified as either regular data points or “true” outliers.

The application of our model is illustrated on two data sets and the
performance is compared to another common approach for protein
guantification [2].

Model
Notation Model
peptides: proteins j U; :intensity score (given) We propose the following model for the peptide intensities:
U, s, - s; :identification score (given)
CC .
! 1 C; . concentration (unknown) .
J _ A . . . h

Uz s 8 C — latent variable Ui @+ sip Z Cj + e it

. n,- peptides
. m,- proteins

We define U") as the vector of intensities of all peptides in the con-
nected component r. By writing o we mean o (1,...,1)T.

Furthermore, we use a “distance” matrix D with

e D;; = number of proteins having a common edge with peptide ;

e D, = number of proteins having a common edge with peptides :
and k

Markovian-type assumptions
e peptides belonging to the same connected component are inde-
pendent given their matching proteins

— dependencies among peptides are exclusively due to their
common proteins

e only neighboring proteins matter in the conditional distribution for
the peptides (see also [3])

ccr » connected component with

jeNe(1)
C, Cy, ..., Cpy % N(u, 1)
€1, €9, ..., €n TS N(O,TQ)

The elements of the covariance matrix of U are then given by

2 .
s; ;. B D1 for ¢ # k
s; p° Dy + 7 fori=k

and the covariance between C'; and U; is

Cov ( C. Uz’) r { 0 if there 1s no edge between ¢ and

s; B 1if there is an edge between 7 and j

Predicting protein concentrations
For a connected component r:
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Parameter estimation

Maximum likelihood estimation (MLE)

o+ 5" B diag(DU"))
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Minimize negative log-likelihood with respect to «, 3, 1 and 72

- ER: log (f(QITI; a, B, i, 72))
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Least squares approach (LSA)

Estimate « and G by fitting U ~ s-diag(D). Use sample covariance
matrix of U to estimate 5 gnd T.

Off-diagonal elements of EIJU(T) allow to estimate g:
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Human shotgun data [4]

“Absolute” protein quantification

Shotgun experiment (18 OGE fractions) on Human samples under
various conditions. Performances of different quantification meth-
ods are compared on 44 experimentally quantified proteins (using
AQUA peptides [5]) in the control sample.

Red symbols correspond to proteins identified (partly) with shared
peptides. Grey lines indicate ground truth proteins that could not be
guantified.
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Results

SILAC-labeled human shotgun data [6]

Comparison between a control sample and irradiated (SILAC-
labeled) human cells. The data sets contain much more shared
peptides than unique ones. The bipartite graph holds:

e 22040 peptide and 13315 protein sequences

e 16728 of the peptides match to several proteins (shared)

e 12743 proteins match to at least one shared peptide

e 12018 proteins have no unique peptide evidence

e only 1297 proteins can be quantified with Top1 (560 with TOP 3)

Relative protein quantification

Proteins are quantified separately for the control and treatment
sample, respectively. Score differences are used to find the pro-
teins with the most important concentration changes between the
two samples. Proteins with particularly high score differences are
shown in orange.
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Peptide intensity outlier detection

There are various reasons to encounter outliers in the measured
peptide intensities:

e Mmeasurement errors . 1.7 1.2 32 12 1.0 1.1
: peptides

e shared peptides

e modifications

e missed cleavages

e incomplete database proteins

Predicting peptide intensities and analyzing the residuals can po-
tentially lead to further insight about the data. Monitoring peptides
with large intensity measurements which could not be explained
by the model (high residuals) will for example help to assess how
useful the new approach is when dealing with shared peptides.
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Normal Q—-Q plot shared | unique | ratio
all data | 16728 | 5312 |3.15

20% | 1511 519 | 2.91
10% | 653 241 |2.71
5% | 284| 111|256
1% 36 16 | 2.25
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Interpretation: the line labeled with 5% reports the number of shared

R; sample quantiles
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Conclusion & outlook

We provide a simple model with clearly stated assumptions for pro-
tein quantification.

e performance similar to other approaches

e when working on data sets with shared peptides our model allows
to quantify all proteins

e potential to get further insight on the peptide level (assessing in-
tensity measurements)

o flexible (peptide scores, input type, experiment type,...)

Implementation

Our model is implemented in R [7]. The presented results are ob-

tained with the following version:

e R version 2.15.0 RC (2012-03-25 r58832),
x86_64—unknown—linux—gnu

e Base packages: base, data sets, graphics, grDevices, methods,
splines, stats, utils

e Other packages: MASS 7.3-17, regrO 1.0-2, sfsmisc 1.0-20,
xtable 1.7-0

e Loaded via a namespace (and not attached): tools 2.15.0
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