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Abstract

We propose a statistical approach to label-free protein quantification with three main advantages compared to existing methods. (i) Peptide intensities are modeled as random quantities, allowing to
account for the uncertainty of these measurements. (ii) Our Markovian-type model for bipartite graphs ensures transparent propagation of the uncertainties and reproducible results. (iii)) The problem of
peptides mapping to several protein sequences (often neglected in other models) is addressed automatically according to our statistical model. The performance of our model is shown on three control
datasets and compared to the results of two common approaches for protein quantification: APEX [1] and “top3” [2].

Notation
peptides: proteinsj [ :intensity score (given)
Uy, py p; : identification score (given)
0. » €1 ¢ C; :concentration (unknown)
2 7 2

= |latent variable

ccy . connected component with
. n,- peptides
. m,- proteins

R

Furthermore we use two “distance” measures

e d; Is the number of proteins having a common edge with
peptide ;

e d;;.. Is the number of proteins having a common edge with
peptide : and peptide k

and define U,. as the vector of intensities of all peptides in the
connected component r; 3y = Cov (U,)anda = a/(1,...,1)T.

Markovian-Type Assumption

Peptides belonging to the same connected component are Iin-
dependent given their matching proteins. This implies that de-
pendencies among peptides are exclusively due to their com-
mon proteins. Furthermore, we make a Markovian assump-
tion (for graphical models) which states that only the neighbor-
iIng proteins matter in the conditional distribution for the pep-
tides (see also [3]).

Model

Model
C1,Cy, ..., Cpy, areiid. with E [C}] = 0and Var (C;) = 1.

We propose the following model for the peptide intensities:
_1
Ui=a+p;8d, > Z Cj + €;
jENe(i)

where €, e9, ..., ¢, arei.i.d. with E[¢;| = 0 and Var (¢;) = 2.

The elements of the covariance matrix of U are then given by
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and the covariance between C'; and U; is

0 if there 1s no edge between 2 and
Cov (C},Us) = p; 3 ﬁ if there is an edge between 7 and §

Predicting the protein concentrations

Assume we are working on the first connected component,
then the corresponding protein concentrations are given by

/ COV (Cj,Ul) \
E[o)Uy] = U - )T | © (G 02)

\COV (Cij, Unl) )

Parameter estimation

Maximum likelihood estimation (MLE)
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The negative log-likelihood can then be written as

which has to be minimized w.r.t. o, 8. 72 > 0.

Least squares approach (LSA)

Estimate o (mean) and the covariance matrix (EAIJQT) from the
data. Use the off-diagonal elements of EIJQT to estimate g
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With the diagonal elements and 3 one can compute the esti-
mate for 72:
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UPS2 proteomic standard [4]

Shotgun (Orbitrap) experiments on several injections of the
(pure) UPS2 mixture (Sigma), containing 48 proteins in 6
known concentrations. We combine the results from all repli-
cates to compare the performance of the quantification meth-
ods.

MLE LSA
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Results

9 spiked proteins [5]

Shotgun (Orbitrap) experiments on 9 non-human proteins
spiked into human (K562) cell lysate in 3 different concen-
trations and analyzed in 6 injections each. We compare the
performance of the different methods in one of the mixtures
(all technical replicates combined).
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Leptospira interrogans [6]

Selected reaction monitoring (SRM) experiment on 16 L. in-
terrogans proteins under 3 conditions (with 3 technical repli-
cates each). The proteins were experimentally quantified us-
ing AQUA peptides [7]. We compare the performance of the
different methods for one of the conditions (all technical repli-
cates combined).

MLE LSA
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Conclusions

The results from our model are competitive with other widely
used approaches for protein quantification.

The main advantage of using the least squares approach
would be to save computation time. However, the results so
far show that the MLE approach often leads to better predic-
tions. It might still be interesting to use the LSA to find good
starting values for the MLE.

Our model is not designed to work with a particular set-
ting/machinery, but can handle different types of intensity
measures for the peptides.

Outlook & Implementation

Outlook

The presented approach does not outperform existing tools in

their performance. However, it potentially holds two advan-

tages:

e Our model deals per se with shared peptides (instead of
discarding them) and might thus bring further insight for or-
ganisms with an important amount of shared peptides.

e Our method does not rely on spectral counts nor one the
proportion of seen versus unseen peptides, and can thus
also be used in directed MS experiments or targeted pro-
teomics.

R Code

Our method has been implemented in R with the following
packages/program versions:

e R version 2.13.0 (2011-04-13),

x86_64-—unknown-linux—gnu

e Base packages: base, datasets, graphics, grDevices,
methods, stats, utils

e Other packages: sfsmisc 1.0-14, xtable 1.5-6
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