computational proteomics

Laboratory for Computational Proteomics
www.FenyoLab.org
E-mail: Info@FenyoLab.org
Facebook: NYUMC Computational Proteomics Laboratory
Twitter: @CompProteomics

Chapter 14
Modeling Experimental Design for Proteomics
Jan Eriksson and David Fenyö
Abstract
The complexity of proteomes makes good experimental design essential for their successful investigation.
Here, we describe how proteomics experiments can be modeled and how computer simulations of these
models can be used to improve experimental designs.
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1. Introduction
The proteomics researcher that aims at comprehensive proteome
analysis using mass spectrometry (MS)-based methods will face
experimental challenges. These challenges are due to the many
different proteins encoded by a genome, the rich variation of
protein posttranslational modifications, and the large concentration differences between different proteins. The range of protein
concentrations have been measured to be six orders of magnitude in Saccharomyces cerevisiae (1) and estimated to be larger
than ten orders of magnitude in body fluids (2). In contrast to
these wide abundance ranges, the MS detection methods typically employed in proteomics span only a few orders of magnitude in range, hampering the identification and quantitation of
low-abundance proteins. A good experimental design for proteomics should manage to keep the detection of low-abundance
proteins and the cost for instrumentation and analysis at reasonable and desired levels.
Proteomics researchers have realized that the complexity and
the range of protein abundance of a proteome make it necessary
to apply various separation protocols prior to the MS-analysis.
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Most current experimental designs in proteomics (3) involve
(1) taking samples of proteins relevant to the biological hypothesis
or phenomenon explored; (2) protein separation by liquid chromatography (LC) and/or gel electrophoresis (4); (3) protein
digestion using an enzyme of high specificity; (4) chromatographic (5) or electrophoretic separation (6) of the proteolytic
peptides; (5) mass spectrometric (MS) analysis (7); and (6) searching a protein sequence collection to identify proteins (8–10)
based on the MS and MS/MS information. There are many
choices available for each step in the workflow, and this makes the
parameter space for the workflow design large (Fig. 1).
Optimization of experimental design in the large parameter
space by relying on experiments only would be prohibitively
expensive, and it is therefore bound to yield an incomplete
investigation. Instead, we have proposed a simulation-based
optimization approach (11) that employs an experimental model.
This approach can be used to evaluate the success of current
designs, predict the performance of future, and further optimized
proteomics experimental designs. Here, we describe methods for
building the experimental model, and show an example how the
model can be applied to optimize proteomics experiments.
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Fig. 1. (a) Model of a common proteomics experiment. (b) Generalized model of a proteomics experiment.
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2. Methods
Any computer simulation (see Note 1) needs input of reasonable
assumptions about the model parameters in order to generate
meaningful predictions about the experimental reality. The best
overall strategy to improve experimental design is to use simulations together with good background information about the
experimental components. In a general model of proteomics
experiments there are many parameters (Fig. 1b), and many of
these can be very difficult to determine (see Note 2), but often a
simple model is sufficient to find the bottle-necks in the experimental design. The benefit of simulations is that once there is
meaningful information available about parts of a system, this
information can be employed in many different combinations in
the computer to generate predictions much more rapidly than by
experimental investigation. The simulations can also be used to
determine which parameters are important to determine experimentally. Therefore, the proteomics researcher that would like to
investigate and improve an experimental design should perform
some model experiments or by other means determine the important model parameters. Pertinent information about all the parts
that are important for the experimental design should be derived.
The task can be viewed as containing three parts: (1) the protein
sample, (2) the peptide sample, and (3) the mass spectrometry.
The protein abundance distribution in the sample is always
uncertain, but models describing two major groups of distributions, tissue (Fig. 2a) and body fluid (Fig. 2b), have been suggested
(11). The tissue distribution is based on protein quantitation
experiments using an antibody against a tag engineered into the
protein sequence of individual S. cerevisiae genes, followed by
quantitative western blot analysis (1). This experiment revealed
a bell-shaped distribution of proteins ranging about six orders
of magnitude in abundance. The body fluid distribution was
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Fig. 2. Protein abundance distributions for (a) tissue and (b) body fluid.
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assumed to cover a larger range of protein abundances (2), and
to be bell-shaped at high abundances, and flat at low abundances.
The flat shape at low abundances was chosen because many different tissues in the body contribute proteins at a low level to the
body fluid proteome. These distributions need to be calibrated
based on the specific details of the experiment modeled. For
example, these models do not take into account modified proteins. A scaling toward lower abundances is needed if, e.g., phospho-proteins are to be detected.
The next steps in the workflow that need to be modeled are
protein separation by electrophoresis or chromatography and the
subsequent digestion of the proteins with endoproteases. The losses
associated with these steps need to be estimated. Here we refer this
mixture of proteolytic peptides originating from the digested proteins as the peptide sample.
2.2. The Peptide
Sample

Separation of peptides is typically done using a reverse phase
chromatography (RPC) column. The loading capacity and the
resolving power of the RPC column should be estimated and
incorporated in the model. The elution time of peptides in RPC
is dependent on their sequence and can be estimated (12). There
are many possible sources of losses for peptides: they can stick to
walls, not bind to the column, or bind too hard to the column so
that they cannot be eluted. All these losses are sequence dependent and difficult to elucidate in detail, but they can be estimated
from model experiments.

2.3. The Mass
Spectrometry

In model experiments, samples from peptide libraries can be
employed to estimate the detection sensitivity and dynamic range of
the mass spectrometer. Note that the dynamic range of the mass
spectrometer is the ratio of concentrations for two different peptide
species that can be detected simultaneously, and it is much narrower
than the range of concentrations over which a single peptide species
can be detected when there are no other peptides in the sample. The
rate of acquisition of the mass spectrometer can be determined in
various modes of operation. In experimental designs with the mass
spectrometer coupled online with the RPC column, the limited rate
of acquisition will cause losses of peptides that are potentially detectable. Other sources of losses in the mass spectrometry step include
low ionization and fragmentation efficiencies.

3. Results
Using a simple model for a typical proteomics experiment, we
investigated the effect of changing the dynamic range and detection limit of the mass spectrometer on the success rate and the
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Fig. 3. Definitions: (a) The success rate of an experiment (b) and the relative dynamic
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relative dynamic range (RDR). The success rate indicates what
fraction of the proteome is detected (Fig. 3a), and the RDR indicates how deep down into the low abundance proteins an experimental design can manage to detect proteins (Fig. 3b). The
assumptions of the simple model are that (1) the abundance distribution of proteins in the sample is given by Fig. 2a; (2) proteins
are separated into a number of fractions each having the same
number of proteins without any losses; (3) the proteins in fraction are digested with trypsin and loaded onto a reverse phase
column with the peptides having a probability of being lost; (4) the
peptides are separated by RPC and analyzed by MS with a certain
probability of not being detected.
Figure 4 displays an example of how simulations (see Note 1)
can reveal the impact on the success rate and the RDR by one
feature of the sample preparation and two features of the mass
spectrometer: the degree of protein separation, the MS detection
limit, and the MS dynamic range. The top left panel of Fig. 4a
indicates how the Success rate and the RDR vary when first
improving the protein separation, then improving the MS detection limit, and finally improving the MS dynamic range. The right
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Fig. 4. Results from simulations showing the effect of protein separation and the effect of MS detection limit and MS
dynamic range on the success rate, and the relative dynamic range (RDR) for detection of proteins from Homo sapiens
tissue samples. (a) Left : RDR as a function of success rate when first improving the protein separation and going from
30,000 (1) to 300 proteins (2) in each fraction, then enhancing the sensitivity of the mass spectrometer from 1 fmol to
1 amol (3), and finally improving the MS dynamic range from 102 to 104 (4). Right : The protein abundance distribution
assumed for human tissue together with the distribution of the proteins detected for the experimental designs (1–4).
(b) Same as in (a), but with the MS dynamic range improved prior to improving the MS detection sensitivity. Note that the
effect of improving the dynamic range is negligible compared with the effect of improving the detection sensitivity.

panel of Fig. 4a shows the protein abundance distribution model
employed in the simulation together with the distribution of the
proteins detected for the initial design (Fig. 4a, 1), the design
with better protein separation (Fig. 4a, 2), after improving the
detection limit (Fig. 4a, 3), and after enhancing the MS dynamic
range (Fig. 4a, 4). It is evident that all these three features of the
experimental design can influence strongly the outcome of an
experiment. The way in which design parameters are changed can
however be critical. For example, if instead upon improving the
protein separation, the MS dynamic range is enhanced, there is
no improvement of the success rate and the RDR until also the
MS detection limit is improved (Fig. 4b, 1–4).
Simulations also reveal that improving the detection sensitivity
of the mass spectrometer is analogous to increasing the amount of
peptide material loaded in the peptide separation step, and that
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improving the MS dynamic range is analogous to enhancing the
proteolytic peptide separation (11). The starting point in Fig. 4
assumes no protein separation, a load of 0.1 mg of peptides in the
peptide separation step that separates the peptides into 100 fractions, and a mass spectrometer with a detection sensitivity of 1 fmol
and a dynamic range of 100. This setup is not uncommon in proteomics, but is obviously the wrong choice for comprehensive analysis. If comprehensive analysis is desired, Fig. 4 and results in ref.
11 show clearly that the practitioner should avoid the design
(Fig. 4a, 1) and employ some protein separation and either load
more material in the peptide separation step or choose a mass spectrometer with better detection sensitivity prior to either improving
separation of peptides or improving the MS dynamic range.

4. Notes
1. In the simulations, a mixture of human proteins is randomly
selected. The estimated distribution of protein amounts in
the sample (Fig. 2a) is used to assign an amount to each protein in the mixture, and the protein mixture is digested. The
resulting proteolytic peptides are randomly selected based on
a precolumn survival probability. The surviving peptides are
separated into fractions according to a separation model (12).
The separated peptides are randomly selected based on a
postcolumn survival probability. The surviving peptides are
considered detected by MS if their amount is above the detection limit and their peak intensity is within the dynamic range
of the mass spectrometer. The entire process is repeated many
times to obtain sufficient statistics.
2. A general model for a proteomics experiment has many
parameters and it is often not feasible to determine many of
them experimentally. An alternative to experimental determination of model parameters is to investigate how sensitive the
conclusions are to the model parameters. The experimental
effort does not need to be focused on parameters that do not
affect the conclusions when varied within a wide range. For
example, the loss of material in the different workflow steps
are often difficult to estimate in absolute numbers, therefore
their impact was investigated by changing the pre- and postcolumn peptide survival rates between 10 and 100%. Within
this range of peptide survival rates the conclusions drawn
from Fig. 4 did not change.
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