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ABSTRACT

Tandem mass spectrometry (MS/MS) of peptides is a central technology for proteomics,
enabling the identification of thousands of proteins and peptides from a complex mixture.
With the increasing acquisition rate of tandem mass spectrometers, it has become possible
to use data-mining techniques to attempt to solve important biological problems using
MS/MS data. These problems include (i) estimating the levels of the thousands of proteins
in a tissue sample, (ii) predicting the intensity of the peaks in a mass spectrum, and (iii)
explaining why different peptides from the same protein have different peak intensities.
In this paper, we develop and evaluate several simple data-mining techniques for tackling
these biological problems. The main data-mining problem is to untangle the various
factors that affect the intensity of a peak in a mass spectrum. To this end, we develop
three statistical models of MS/MS data: linear, exponentiated linear, and inverse linear.
For each model, we develop a family of methods for fitting the model to the data. We test
each method on both simulated and real-world data, where the real data consists of three
datasets generated by MS/MS experiments performed on various tissue samples taken
from Mouse. Because of the highly skewed distribution of the data, which also ranges
over several orders of magnitude, we measure the fit of each model to the data using
Spearman’s rank correlation coefficient, instead of the more common Pearson correlation
coefficient. Finally, we compare the methods to a number of naive methods, and report
on their performance.

keywords: Proteomics, Data Mining, Machine Learning, Peptide Tandem Mass Spec-
trometry.
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1 Introduction

Tandem Mass Spectrometry (MS/MS) of peptides is a central technology of proteomics,
enabling the identification of thousands of peptides and proteins from a complex mix-
ture [21, 18, 1]. In a typical experiment, thousands of proteins from a tissue sample are
fragmented into tens of thousands of peptides, which are then fractionated, ionized and
passed through a tandem mass spectrometer. The result is a collection of spectra, one for
each protein, where each peak in a spectrum represents a single peptide [16, 22]. With the
increasing acquisition rate of tandem mass spectrometers, there is an increasing poten-
tial to solve important biological problems by applying data-mining and machine-learning
techniques to MS/MS data [10, 13]. These problems include (i) estimating the levels of
the thousands of proteins in a tissue sample, (ii) predicting the intensity of the peaks in
a mass spectrum [10], and (iii) explaining why different peptides from the same protein
have different peak intensities [13].

In this paper, we develop and test a number of data-mining methods for tackling
these problems, including methods based on linear and exponential models with various
optimization criteria. These models all focus on the problem of estimating the intensities of
the peaks in the mass spectrum of a protein. One important factor is clearly the amount of
protein input to the mass spectrometer (since more input implies more output). However,
other factors are important as well, such as the efficiency with which various peptides are
produced, fractionated and ionized. Our goal is to determine how all these other factors
are influenced by a peptide’s amino-acid sequence. Once this is understood, it may be
possible to predict the exact MS/MS spectrum of a protein, including the intensities of all
its peaks. More importantly, it may also be possible to solve the inverse problem: given
the MS/MS spectrum of a protein, estimate the amount of protein that was input to the
mass spectrometer. This is a fundamental problem whose solution would enable biologists
to determine the levels of the thousands of proteins in a tissue sample [24].

As a first step in addressing this problem, we obtained a set of several thousand
MS/MS spectra.1 This data is the result of MS/MS experiments conducted on protein
mixtures taken from various tissue samples of Mouse [24]. These high-throughput exper-
iments provide a large amount of data on which to train and test data-mining methods.
However, they also introduce a complication, since the amount of protein input to the
mass spectrometer is unknown. Thus, it is in general unclear whether a high-intensity
peak is due to the properties of the peptide or to a large amount of protein at the input.
One of our challenges is to untangle these two influences. This distinguishes our work
from other research in which the amount of protein is known a priori [10]. In effect, we
must solve two problems at once: the forward problem of estimating the spectrum of a
protein, and the inverse problem of estimating the amount of protein given its spectrum.
To deal with this complication, we treat the amount of protein as a latent, or hidden

1courtesy of the Emili Laboratory at the Banting and Best Department of Medical Research at the
University of Toronto.
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variable, whose value must be estimated. The data-mining methods presented in this
paper were developed, in part, because of the ease and simplicity with which this can be
done. In addition, they lead to efficient algorithms based on well-developed operators of
linear algebra (specifically, matrix inversion and eigenvector decomposition).

The paper is organized as follows. Section 2 provides biological background. Section 3
introduces our three models of MS/MS data. Section 4 outlines our methods for fitting
these models to data. Section 5.1 introduces the data we use to train and test our
methods. Section 6 uses the datasets to test and compare our methods. Finally, Section 7
summarizes the results and suggests possible extensions for future work.

2 Peptide Tandem Mass Spectrometry

In Tandem Mass Spectrometry, a mixture of tens of thousands of unknown proteins are
taken from a tissue sample. By adding a specific amount of the enzyme trypsin, the
proteins are digested and fragmented into peptides. The resulting mixture is then frac-
tionated, ionized and sent at high speed through an electric field, where the paths of the
different peptides are bent by different amounts before hitting a plate. This produces a
so-called “mass spectrum” consisting of various peaks [9]. Each peak occurs at a partic-
ular location on the plate, as determined by the peptide’s mass-to-charge ratio, and the
intensity of the peak represents the number of peptide molecules to hit the plate at that
location [21, 18, 1].

The intensity of a peak is influenced by the amount of protein in the input mixture.
However, the exact mechanism determining the intensity of a spectral peak is poorly
understood [10]. In an ideal experiment, there would be no loss during digestion, frac-
tionation and ionization. So, in the MS/MS spectrum for a given protein, one would
expect that each peak would contain one peptide molecule for each protein molecule in
the input. Consequently, an ideal spectrum for a given protein would consist of peaks
of equal intensity. However, this is not observed experimentally. Figure 1 illustrates the
differences between an ideal MS/MS spectrum and an experimental one.

Numerous reports in the literature address the question of what factors affect the
quality of a MS/MS experiment [16] [22]. An obvious factor influencing peak intensity
is the concentration of the peptides in the sample. However, it is not the sole factor.
Other factors include sample preparation methods, the pH and composition of the so-
lution containing the protein mixture [6] [22] [8] [4], the characteristics of the MS/MS
apparatus [15] [20] [19], and the characteristics of the tissue sample being analyzed [10].
These factors and others all affect the intensities of peaks in a MS/MS spectrum. Un-
fortunately, no model exists for accurately predicting these peak intensities. Explaining
why some peptides produce high-intensity peaks and some produce low-intensity peaks is
a first step towards developing such a model, and is the goal of this paper.

To this end, the Emili Laboratory at the Banting and Best Department of Medical
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Figure 1: The left panel is the theoretical MS/MS spectrum for the 47 peptides frag-
mented from protein MAP2-MOUSE digested with trypsin. The right panel is an exper-
imentally derived spectrum of the same protein.

Table 1: A fragment of the original data file

Protein ID Peptide Sequence Peak Count Charge

Q91VA7 TAAARHCCNNLV IIR 4 2
Q91VA7 KLDCCCLFACAV HV K 3 2

...
...

...
...

Research at the University of Toronto has provided us with several thousand MS/MS
spectra. Table 1 shows a tiny sample of this data. (Details on how this data was gen-
erated can be found in [24].) The first column in the table is the Swissprot accession
number identifying a protein. The second column is the amino-acid sequence of a peptide
fragmented from the protein. The third column correlates well with the intensity of the
spectral peak produced by the peptide. (Its values are integers because it represents a
count of peptide molecules.) The last column represents the charge of the peptide ion,
which is typically 1 or 2. Notice that there may be many entries for the same protein,
since a single protein can produce many peptides.

In fragmenting the proteins to produce peptides, the proteins were digested by the
enzyme trypsin, which cuts c-terminal to lysine (K) or arginine (R). Trypsin may oc-
casionally cut at other locations, and other enzymes may nick the protein; hence, we
sometimes see partial tryptic peptides (a K or R at the c-terminus, or flanking the pep-
tide at the N-terminus).

3 Modelling the Data

The data from tandem mass spectrometry experiments consists of a collection of spectra,
one for each protein. Each spectrum consists of a number of peaks, where each peak is
produced by a peptide, i.e., a fragment of the protein. The observables are the intensity
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of the peak, the amino acid sequence of the peptide, and the amino acid sequence of the
protein. In the high-throughput experiments we are dealing with, the amount of protein
input to the mass spectrometer is unknown, and one of our goals is to estimate it.

In this paper, our working hypothesis is that for a given MS/MS experiment, each
peak in a spectrum is produced independently of the others. That is, we assume that the
intensity of a peak depends on only two factors: (i) the peptide responsible for the peak,
and (ii) the (unknown) amount of protein input to the mass spectrometer. Although
interactions between peptides do sometimes occur in mass spectrometer experiments2, we
use independence as a simplifying approximation in this initial study. More specifically,
we assume that each peptide has an associated ionization efficiency that accounts for the
relative heights of the various peaks in a spectrum. The ionization efficiency represents
the probability that a given peptide will enter the mass spectrometer as an ion. Since only
these peptides contribute to the intensity of a peak, we expect that peak intensity will be
proportional to ionization efficiency. The ionization efficiency can be thought of as the
propensity of a peptide to ionize, though it can include other factors as well, such as the
propensity of the peptide to be produced in the first place, i.e., to be cleaved from the orig-
inal protein. This idea is expressed formally by the equation output = input× ie, where
output is the intensity of a spectral peak (measured in number of peptide molecules),
input is the amount of protein from which the peptide was derived (measured in number
of protein molecules), and ie is the ionization efficiency, a number between 0 and 1.

Under ideal conditions, each protein molecule would fragment into a set of peptide
molecules, each of which would then ionize, enter the mass spectrometer, and contribute
to a peak [25]. In this case, the ionization efficiency of each peptide would be 1, and
the peaks for a given protein would all have the same intensity (equal to the amount of
protein input). In practice, though, peptides do not all ionize with equal efficiency, and
they produce peaks of different intensity [5]. In fact, some peptides do not ionize at all,
so their ionization efficiency is 0 and they produce no observable peaks [11]. The problem
is to account for these differences and, more quantitatively, to estimate the ionization
efficiency of each peptide. In data-mining terms, we want to learn a function, f , from
peptides to the interval [0, 1], where f(p) is the ionization efficiency of peptide p. We
shall identify peptides by their amino-acid sequence, seq, so f(p) is really f(seq).3 The
equation for peak intensity therefore becomes output = input× f(seq), where output
and seq are observed, input is unobserved, and f is to be learned.

Varying the form of f leads to a variety of different models of the data and to different

2In particular, the suppression effect is the phenomena of chemical interactions between peptides during
an MS/MS experiment that can lead to the absence of MS/MS peaks or to new peaks corresponding to
unexpected peptides [14, 7].

3In fact, we are interested not just in peptides, but in peptide ions, which are identified by their
sequence and their charge. However, to simplify the presentation, we leave it as understood that charge
is included. Charge is explicitly included in our experiments in Section 5.3.
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learning problems. In this paper, we consider three types of function:

Linear : f(seq) = x•β Exponential : f(seq) = ex•β Inverse : f(seq) = 1/(x•β)

Here, x is a vector of peptide properties (derived from seq), β is a vector of parameters
(to be learned), and • represents the dot product (or inner product) of the two vectors.
We investigate linear models because of their simplicity and because they are amenable
to the techniques of linear algebra. We investigate exponential models because, by taking
logs, they become linear. In addition, exponential models have the advantage that the
ionization efficiency is guaranteed to be positive. In contrast (as we shall see in Section 6),
the linear model may produce a preponderance of positive values, but it sometimes pro-
duces negative values as well, which are meaningless (though very small negative values
can be assumed to be zero). As we shall see, both models allow for efficient estimation of
the (unknown) amount of protein input, though by very different means.

The inverse model has a different motivation. As we show in Section 5.1, spectral
peak intensities have a very skewed distribution of values, ranging over several orders of
magnitude, with most of the values concentrated at the very low end of the spectrum. In
fact, we show that the distribution is O(1/y2), where y denotes peak intensity. It is very
difficult to fit a linear model to data with this kind of distribution, since a small number
of very large values tends to dominate the fit. Even if the largest values are removed,
the next largest values dominate, ad infinitum. Taking logarithms helps, but even log(y)
has a skewed distribution. However, 1/y has a uniform distribution, thus eliminating all
skew. This is the motivation for the inverse model: to transform the data to a form that
is more manageable. In addition, as we shall see in Section 4, all the methods we develop
for fitting the linear model can easily be adapted to fit the inverse model.

To keep track of different proteins and peptides, we use two sets of indices, usually i
for proteins and j for peptides. Proteins are numbered from 1 to N, and the peptides for
the ith protein are numbered from 1 to ni. Thus, seqij denotes the amino acid sequence of
peptide number j of protein number i. Likewise, xij denotes the vector of properties for
peptide j of protein i. In the sequel, we shall use y to denote the intensity of a spectral
peak. Thus, yij is the peak intensity of peptide j of protein i. We shall also use in to
denote the (input) amount of a protein. Thus, ini is the amount of protein i. With this
notation, the equation for peak intensity described above becomes a set of equations:

yij = ini × f(seqij) for i from 1 to N, and j from 1 to ni. (1)

When instantiated with linear, exponential and inverse functions, they become, respec-
tively,

yij = ini × (xij • β) yij = ini × exij•β yij = ini/(xij • β)

Not all these equations contain useful information. In fact, only those proteins that
produce at least two peptides can be used for estimating f . If a protein produces only one
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peptide, then j = 1 and the protein yields only one equation: yi1 = ini × f(seqi1). This
is the only equation containing the unknown value ini. Once we know f , we can use this
equation to estimate ini. However, the equation provides absolutely no help in estimating
f itself, since it does not constrain f in any way. In fact, it is trivially satisfied for any
f by using ini = yi1/f(seqi1). If all the proteins produced only one peptide, then we
would have no way to estimate f , since any f would do. For this reason, our data-mining
methods ignore all those proteins that produce only one peptide. In fact, the first method
considered below explicitly requires at least two peptides per protein.

Finally, we note a fundamental limit to what can be learned from the data available
to us. In particular, we can only learn the relative amount of a protein in a tissue sample,
not the absolute amount. For instance, we could infer that the amount of protein 1 is
twice that of protein 2, but we cannot infer exactly how much there is of either protein.
This follows immediately from equation 1. Since ini and f are both unknown, we can
always scale one up as long as we scale the other down by the same amount. Specifically,
suppose that in1, · · · , inN and f is a solution to the equation. Then in′1, · · · , in′N and f ′ is
an equally good solution, where in′i = ini × c and f ′(seq) = f(seq)/c, for all i and seq,
and any constant c. Thus, there are infinitely many solutions, each predicting different
absolute amounts for the proteins and different ionization efficiencies for the peptides.
However, all these solutions predict the same relative values, since ini/inj = in′i/in

′
j for

any two proteins i and j, and f(seqi)/f(seqj) = f ′(seqi)/f
′(seqj) for any two peptides i

and j. In this way, the relative amounts of protein and the relative ionization efficiencies
of peptides can be learned. Moreover, by using a small amount of calibration data, we
can convert these relative values into absolute ones. That is, if we are given the absolute
amount of just a few proteins, we can then use the ratios ini/inj to estimate absolute
values for all the proteins, from which we can estimate absolute values for all the ionization
efficiencies.

4 Fitting the Models to Data

In the previous section, we developed three generative models of MS/MS data, linear,
exponential and inverse. In this section, we develop methods for fitting these models to
data.

An important parameter in any model of MS/MS data is the amount of each protein,
ini, input to the mass spectrometer. If this amount were known, then fitting our models to
the data would be a straightforward problem of regression. If the fit is good, this would
solve the biological problem of predicting the intensity of each spectral peak given the
amino-acid sequence of the peptide and the amount of protein at the input. Unfortunately,
the amounts of each protein are unknown. Moreover, there are thousands of proteins,
each with a different input level, and the various input levels differ by several orders of
magnitude. To deal with these complications, we treat the input levels, ini, as latent,
or hidden variables, whose values must be estimated. We therefore have thousands of
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hidden values to estimate, in addition to the parameters of our models. An accurate
estimation of these values would solve another important biological problem: estimating
the amounts of each of the thousands of proteins in a tissue sample given their MS/MS
spectra. Moreover, since the protein levels differ so dramatically, even an approximate
estimate would be biologically useful.

4.1 Linear Models

In this section, we develop a family of methods for fitting the linear model to experimental
data, where each method is meant to improve upon the one before. The first two methods
are closely related. They have in common that learning is divided into two phases: the
first phase estimates a value for β, and the second phase uses β to help estimate values
for the ini. The two methods differ in the optimization criteria they use to fit the model
to the data. The third model is different from the first two in that it has only one learning
phase, in which all parameters are estimated simultaneously. In this way, we hope to get
a better fit to the data, since the estimate of β is now affected by how well the estimates
of ini fit the data, something that is impossible in the two-phase approach.

Recall that the linear model is given by equations of the form

yij = ini · (xij • β) (2)

where the parameter vector β and all the ini are unknown and must be learned. Of
course, these equations are not exact, and provide at best an approximate description of
the data. The goal is to see how closely they fit the data, and to estimate values for β and
ini in the process. From the discussion at the end of Section 3, we know it is only possible
to estimate relative values for these quantities. This effectively means we can determine
the direction of β but not its magnitude. In fact, in the absence of calibration data, the
magnitude of β is meaningless. For this reason, the methods described in this section all
impose constraints on the magnitude of β in order to obtain a unique solution.

4.1.1 LIN1: Two-Phase Learning

This approach factors out the amount of protein, ini, from the set of Equations 2. The
result is a set of linear eigenvector equations for the parameter vector β, which we can
solve using standard eigenvector methods. With this estimate in hand, the value of each
ini can be estimated by linear regression.

From Equations 2, we see that protein i gives rise to the following set of equations,
one equation for each peptide:

yi1 = ini ·(xi1•β) yi2 = ini ·(xi2•β) · · · yini
= ini ·(xini

•β) (3)

Note that the unknown value ini is the the same in each equation. Thus, by dividing each
equation by the previous one, we can eliminate this unknown value, leaving the parameter
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vector β as the only unknown quantity. That is, yij/yi,j−1 = (xij • β)/(xi,j−1 • β), for
j from 2 to ni. Cross multiplying gives yij(xi,j−1 • β) = yi,j−1(xij • β), and rearranging
terms gives the following:

zij •β = 0 where zij = yijxi,j−1−yi,j−1xij for j from 2 to ni, and i from 1 to N.
(4)

Geometrically, these equations mean that the parameter vector β is orthogonal to each
of the derived vectors zij. Note that this is a constraint on the direction of β but not its
magnitude, which is to be expected. Equation 4 is a restatement of Equation 2 with the
unknown values ini removed. Like Equation 2, it is an approximation, and our goal is to
see how closely we can fit it to the data.

A simple approach is to choose β so that the values of zij • β are as close to 0 as
possible. That is, we can try to minimize the sum of their squares,

∑
i,j(zij • β)2. Of

course, this sum can be trivially minimized to 0 by setting β = 0. But, as described above,
the magnitude of β is meaningless, and only its direction is important. So, without loss of
generality, we minimize the sum of squares subject to the constraint that the magnitude
of β is 1. To do this, we use the method of Lagrange multipliers. That is, we minimize
the following function:

F (β, λ) =
∑
i,j

(zij • β)2 − λ(‖β‖2 − 1) (5)

Taking partial derivatives with respect to β and setting the result to 0, we get the equation

∑
ij

zij(zij • β) = λβ (6)

Taking the inner product of both sides with β gives
∑

ij(zij • β)2 = λβ • β = λ‖β‖2

= λ, where the last equation follows from the constraint ‖β‖ = 1. We have therefore
derived the following two equations:

∑
ij

zijz
T
ij β = λβ λ =

∑
ij

(zij • β)2

where the left equation is just Equation (6) expressed in matrix notation, with all vectors
interpreted as column vectors. The left equation says that β is an eigenvector of the
matrix

∑
ij zijz

T
ij, and the right equation says that its eigenvalue is just the sum of

squares we want to minimize. We should therefore choose the eigenvector with the smallest
eigenvalue.

Having estimated a value for β, we must now estimate values for the remaining un-
knowns, in1, · · · , inN . Equations 3 suggests a natural way to do this. Letting vij = xij • β, we
get yij = inivij, for j from 1 to ni. Thus, for each value of i, we get a system of ni linear
equations involving ini, and we can estimate the value of ini using a simple univariate
linear regression. The values of in1, · · · , inN can thus be estimated by carrying out N
such regressions.
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4.1.2 LIN2: Improving the Optimization Criterion

Here we improve on the method described above by using a different optimization cri-
terion for fitting the linear model to the data. We still try to minimize the sum of
squares

∑
ij(zij • β)2, but subject to a different constraint: instead of ‖β‖2 = 1, we

use the constraint
∑

ij(xij • β)2 = 1. To see why this is more appropriate, recall that x
is a vector of properties for a peptide. Our estimates of ionization efficiency and amounts
of protein should not depend on what units we use to measure peptide propeties. For
example, the ionization efficiency of a peptide should not depend on whether we measure
peptide mass in milligrams or micrograms (just as the engine efficiency of a car does not
depend on whether we measure the mass of the car in grams or kilograms). As long as we
retain the same units of measurement for ionization efficiency, its estimated value should
not depend on the units of measure for other quantities. The new constraint satisfies this
requirement, but the old constraint does not.

To see this, suppose that x = (x1, ..., xk), and suppose we change the units of measure
of x1 so that all their values double. The correct response is to compensate by halving
the value of β1 while leaving the values of all the other βi unchanged. This leaves the
value of x • β unchanged, and hence it leaves all our estimates unchanged, since in the
linear model, they depend only on x • β. This requirement cannot be satisfied with the
constraint ‖β‖2 = 1, for if β1 decreases, then some other βi must increase in order to
maintain the constraint. In contrast, the new constraint has no such problems, since it
depends only on the values of x • β, which can remain constant.

More formally, recall from Section 3 that without any constraint, there is no single
model that fits the data best, since the estimates of protein level, ini, can all be scaled up
by a constant amount, as long as all the estimates of ionization efficiency are scaled down
by the same amount. In other words, if I is the vector of ionization-efficiency estimates
for all peptides, then c · I is another vector of equally good estimates, for any constant c.
Thus, for the best estimates, the direction of I may be unique, but its magnitude is not. In
fact, any magnitude can be chosen arbitrarily. This is just what the new constraint does:
it chooses a magnitude of 1. To see this, recall that in the linear model, the ionization
efficiency of peptide ij is xij • β, so the new constraint is just ‖I‖2 =

∑
ij(xij • β)2 = 1.

With this constraint, the optimizing function (5) becomes

F (β, λ) =
∑
i,j

(zij • β)2 − λ(
∑
ij

(xij • β)2 − 1)

Taking partial derivatives with respect to β and setting the result to 0, we now get
∑
ij

zij(zij • β) = λ
∑
ij

xij(xij • β) (7)

Taking the inner product of both sides with β, we get
∑

ij(zij • β)2 = λ
∑

ij(xij • β)2 = λ,

where the last equation comes from the constraint
∑

ij(xij • β)2 = 1. Thus, expressing
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Equation (7) in matrix notation, we have the following two equations:

∑
ij

zijz
T
ijβ = λ

∑
ij

xijx
T
ijβ λ =

∑
ij

(zij • β)2

The left equation is a generlalized eigenvector equation, that is, an equation of the
form Aβ = λBβ, where A and B are square matrices. In this case, since A and B
are symmetric, the eigenvectors and eigenvalues are guaranteed to be real. There is there-
fore a smallest eigenvalue. As before, the right equation says that the eigenvalue is the
sum of squares we are trying to minimize. We therefore choose the generalized eigenvector
with the smallest eigenvalue. Estimating β in this way (the first phase of learning), we
then use it to estimate values for the ini using univariate linear regression, as before (the
second phase of learning).

4.1.3 LIN3: Simultaneous Learning

Here, we outline a single-phase approach to learning, one that estimates values for β and
all the ini simultaneously. Since the estimate for one parameter takes into account the
estimates for all the other parameters, we hope to get a better overall fit to the data.

In order to do this, we first transform Equation 2. Observe that the right-hand side
of this equation contains a product of two unknowns, ini and β. To eliminate this non-
linear term, we divide both sides by ini, to obtain a model that is linear in all the
unknowns: yijαi = xij • β, where αi = 1/ini. Since both sides of this equation contain
unknown parameters, we cannot simply minimize the error between them, since by set-
ting αi = β = 0 the error is trivially minimized to 0, which is clearly incorrect. Instead,
we minimize the angle between two vectors, the vector of values on the right-hand side
of the equation, and the vector of values on the left-hand side. Moreover, we do this by
maximizing the cosine of the angle between them. In general, the cosine of the angle be-
tween two vectors, v and w, is given by the formula v •w/‖v‖ · ‖w‖. We must therefore
maximize the following expression:

∑
ij(yijαi) · (xij • β)√∑

ij(yijαi)2
√∑

ij(xij • β)2
(8)

Note that this measure of error is insensitive to the absolute magnitude of the parameters,
αi and β, which can all be scaled up or down by the same amount without affecting the
angle between the two vectors.

In [3], we develop a method to efficiently carry out this maximization. It is based on
Theorem 1 below, which is also proved in [3]. In this theorem, Yi is the column vector
(yi1, yi2, ..., yik)

T , and Xi is the matrix (xi1,xi2, ...,xini
)T , where each xij is viewed as a

column vector. They represent, respectively, the spectral peak intensities and peptide
property vectors for protein i.
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Theorem 1: Expression (8) is maximized when the parameter vector β is a solution
of the following generalized eigenvector equation:

ρ2
∑
ij

XT
i Xi β = [

∑
i

XT
i YiY

T
i Xi/‖Yi‖2] β

Moreover, it is the eigenvector corresponding to the largest eigenvalue, ρ2. In addition,

αi = YT
i XT

i β/ρ‖Yi‖2

Finally, ρ is the maximum value of Expression (8). (So the minimum angle, θ, between
the two vectors is given by ρ = cos(θ)).

4.2 Inverse Models

All of the methods developed above for fitting the linear model to data are easily adapted
to fitting the inverse model. Recall that in the inverse model,

yij = ini/(x • β)

By inverting both sides of the equation, we get,

y′ij = in′ij × (x • β)

where y′ij = 1/yij and in′ij = 1/inij. This is precisely the linear model. In addition,
y′ij is known and in′ij is unknown, which is precisely the condition for applying the linear
fitting methods developed in Section 4.1. When the linear methods LIN1, LIN2 and LIN3
are adapted in this way to the inverse model, we refer to them as INV1, INV2 and INV3.

4.3 Exponential Models

In this section, we develop two methods for fitting the exponential model to the data.
Recall that in the exponential model,

yij = ini × exij•β

Taking logs of both sides converts this to a linear model:

log yij = log ini + xij • β (9)

The two methods described below differ in their treatment of the latent variables ini. As
with the linear methods of Section 4.1, one method is a two-phase learner, and the other
is single-phase. The first method operates in two phases: it estimates a value for the
parameter vector, β, and then it uses this estimate to determine values for the protein
input levels, ini. In contrast, the second method operates in a single phase that estimates
values for β and ini simultaneously, finding the combination of values that best fits the
data. Unlike the linear methods, the workhorse of these methods is linear regression, not
eigenvector decomposition.
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4.3.1 EXP1: Two-Phase Learning

From the above equations, we see that for the peptides from protein i,





log yi1 = log ini + xi1β
log yi2 = log ini + xi2β

· · ·
log yini

= log ini + xini
β

(10)

From this, we get that log yi,j−1 − log yi,j = (xi,j−1 − xi,j)β for j from 2 to ni, or
equivalently Yij = Xij • β, where

Yij = log yi,j−1 − log yi,j Xij = xi,j−1 − xi,j (11)

β can thus be estimated from the new variables Xij and Yij using linear regression. This is
the first phase of learning. Once β is known, its value can be used to help estimate values
for the remaining unknowns, in1, ..., inN . This is the second phase of learning. Equa-
tion 9 suggests a natural approach. Letting vij = log yij − xij • β, we get vij = log ini,
for j from 1 to ni. Like Equation 9, this equation is only approximate. The value of
log ini that minimizes the mean squared error is just the mean of the vij. We therefore
use log ini = (vi1 + · · ·+ vini

)/ni.

Although it is straightforward, a potential problem with this method is in the error that
it minimizes. We would like to minimize (the sum of squares of) the errors εij = logyij−
log ini−xij•β. Instead, however, the method minimizes (the sum of squares of) εij − εi,j−1.,
which is not the same thing. The method developed next solves this problem.

4.3.2 EXP2: Simultaneous Learning

In order to minimize the errors εij directly, we treat the unknown values log ini in Equa-
tion (9) as regression parameters. To this end, we define β′ to be the extended parameter
vector (β1, ..., βp, b1, ..., bN)T . Here, bi is a parameter representing log ini, and (β1, ..., βp)

T

is the original parameter vector, β, used above. Values for all the parameters in β′ will
be estimated simultaneously in a single act of linear regression. To do this, we define a
number of matrices. First, we define O to be the following sparse matrix:




1 · · · 1 0 · · · 0 · · · · · · 0 · · · 0
0 · · · 0 1 · · · 1 · · · · · · 0 · · · 0
...

...
...

...
. . .

...
0 · · · 0 0 · · · 0 · · · · · · 0 · · · 0
0 · · · 0 0 · · · 0 · · · · · · 1 · · · 1




T

where the ith vertical block has ni columns. In this matrix, each row corresponds to a
protein, and each column to a peptide. A 1 in the matrix means that the peptide belongs to
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the protein. X = (x11, ...,x1,n1 ,x21, ...,x2n2 , ...,xN1, ...,xNnN
)T , and Y to be the column

vector of responses (Y11, ..., Y1,n1 , Y21, ..., Y2n2 , ..., YN1, ..., YNnN
)T , where Yij = log yij.

With this notation, it is not hard to see that the set of linear Equations (9) becomes the
single matrix equation Y = Vβ′ where V is the extended predictor matrix (X,O). Thus,
the problem again reduces to linear regression, though with a far larger set of parameters.
The solution is

β′ = (VTV)−1VT Y (12)

Observe that X is a M × p matrix, where M =
∑

i ni is the total number of pep-
tides, and p is the number of features in the vectors, xij, representing peptide sequences.
Likewise, O is a M ×N matrix, where N is the number of proteins. Consequently, V
has dimensions M × (p + N), and VTV has dimensions (p + N)× (p + N). Although
p is relatively small in our datasets, N is large, so the matrix VTV is extremely large,
and inverting it is computationally very expensive.

Fortunately, because of the sparse and regular structure of O, we can develop a more
efficient procedure. The first step is to partition the matrix (VTV)−1 into blocks as
follows:

(VTV)−1 =

(
A B
C D

)
(13)

Here, the submatrices have the following dimensions: A is p× p, B is p×N , C is N × p,
and D is N ×N . The submatrix A is therefore small, while D is extremely large. The
next step is to solve for A, B, C and D, as follows:

I = (VTV)(VTV)−1 =
(

XT

OT

)
(X,O)

(
A B

C D

)
=

(
XTXA + XTOC XTXB + XTOD

OTXA + OTOC OTXB + OTOD

)

We can view this as four matrix equations in four unknowns, A, B, C, D. Solving, we
get

A = (XTX−XT QX)−1 B = −AUT C = −UT A D = P−1−UT AUT

where P = OTO, Q = OP−1OT and U = P−1OTX. The important point here is
that A is a small matrix, of size p × p, so even though it requires a matrix inversion, it
is not costly. Moreover, since the rows of OT are orthogonal, P is diagonal. Thus, even
though P is an extremely large matrix, of size N × N , it is easily inverted. In fact, the
ith diagonal element is simply ni, the number of peptides in protein i, so the ith diagonal
element of P−1 is 1/ni.

In this way, we can efficiently invert the matrix VTV and solve for the extended
parameter vector β′ in Equation (12).

5 Experiments

We evaluated the methods and models developed above on real and simulated datasets.
This section describes the datasets, the design of the experiments, and the evaluation
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methods. The main difficulty in evaluating the methods is the distribution of the real
data. As shown below, it ranges over several orders of magnitude and is highly skewed,
with most data concentrated at very low values. We deal with these difficulties in two
ways. First, we use the Spearman rank correlation coefficient to measure the goodness of
fit of our estimates to the observed values [2]. Unlike the more common Pearson correlation
coefficient, which measures linear correlation, Spearman’s coefficient measures monotone
correlation and is insensitive to extreme data values. In addition, we use log-log plots of
observed v.s. estimated values to provide an informative visualization of the fit.

5.1 Real-World Datasets

The experimental results in this paper are based on tables of real-world data similar to
Table 1. They consist of three datasets derived from tissue samples taken from Mouse and
were provided by the Emili Laboratory at the Banting and Best Department of Medical
Research at the University of Toronto. We refer to these data sets as Mouse Brain
Data, Mouse Heart Data, and Mouse Kidney Data. The Brain data set contains
10,786 peptides, with peak intensities ranging from 1 to 2,500; the Heart data set contains
9,623 peptides, with peak intensities from 1 to 1,996; and the Kidney data set contains
8,791 peptides, with peak intensities from 1 to 1,491.

Histograms of the peak intensities for the three data sets are shown in Figure 5.1.
These show that the peak intensities are far from being uniformly or normally distributed.
Instead, peak intensities are heavily concentrated near the minimum value of 1, and their
frequency rapidly falls off as peak intensity increases. For example, although the maximum
peak intensity in the Kidney dataset is 1,491, the median value is only 2! That is, half
the peptides have peaks with intensities of only 1 or 2, while the remaining peptides have
peaks with intensities from 2 to 1,491. Thus, the data values range over several orders of
magnitude, with the bulk of the data concentrated at lower values. This distribution is
likely due to a number of factors, including the distribution of protein levels in the tissue
samples, and the distribution of ionization efficiencies among peptides. Untangling these
factors is one of the goals of this work.

A more accurate description of the distribution of peak intensities is provided by the
probability plots in Figure 5.1, which display values in sorted order. The two panels in
Figure 5.1 show probability plots for the reciprocal of peak intensity; that is, they are
probability plots of 1/y, where y is peak intensity. The vertical axis is the value of 1/y,
and the horizontal axis is the rank of this value. The plot in the left panel includes all
observed peak intensities, while the plot in the right panel excludes peaks of low intensity,
that is, with an intensity below 10. The horizontal line segments that make up the plots,
especially at the upper end, are due to the discrete nature of the data (i.e., y is an integer).
However, the trend in the right hand plot is clearly a diagonal line, from the lower left
corner of the plot to the upper right corner. This indicates that the cumulative distribution
function of 1/y is a diagonal line, which means that 1/y is uniformly distributed, which in
turn means that y has an O(1/y2) distribution [23]. The left hand plot is the same except
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Figure 2: Histograms of peptide peak intensities. The left histogram is for the Brain
dataset, the middle is for Heart, and the right is for Kidney.

that it curves up for large values of 1/y, that is, for low peak intensities. Thus, while the
probability density of 1/y is flat for y ≥ 10, it decreases for y < 10. This in turn means
that, while the distribution of peak intensities is O(1/y2) for y ≥ 10, it is less than this
for y < 10. Similar results hold for all three data sets, Kidney, Brain and Heart.

5.2 Simulated Datasets

In addition to real-world datasets (described above), we generated simulated data on
which to test the learning models and methods developed in Sections 3 and 4. While
real-world data tests the biological relevance of our methods, simulated data allows us
to test their mathematical and computational correctness. To this end, we use simulated
data that is based on the same statistical models as our learning methods. This serves
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Figure 3: Probability plots of 1/y for the Kidney dataset, where y is spectral peak inten-
sity. The left plot includes all observed values of y, while the right plot excludes values of
y less than 10.

two purposes. First, it tells us the performance we can expect from the methods under
ideal circumstances, and with controllable amounts of noise. Second, it acts as a sanity
check, since errors in either the mathematics or the programming of the methods can
easily appear as unexpected or bizarre behavior. In [17], we perform a thorough set of
simulated experiments. In this paper, we present a small sample of results to illustrate
the ability of our methods to estimate protein levels.

The simulator generates data for the linear, inverse and exponential models. Although
different, these models each have the same kinds of parameters: an input amount, ini,
for each protein; a feature vector, xij, for each peptide; and a parameter vector, β, with
which to compute ionization efficiencies. Protein amounts are generated randomly from a
uniform distribution ranging from 20 to 250. Peptides are represented by vectors with 22
components, as in the real datasets. For each component of a peptide vector, values are
generated randomly from a normal distribution with mean 4 and standard deviation 2.
For each component of the vector β, values are generated randomly from a uniform distri-
bution ranging from 0 to 1. From this data, we compute ionization efficiencies and spectral
peak intensities, according to our models of MS/MS data. In each model, we add noise
to xij • β, since this is what our methods minimize. We then compute ionization efficien-
cies from these values. Thus, for the linear model, the ionization efficiency of peptide i of
protein j is ieij = xij • β + noise, for the inverse model it is ieij = 1/(xij • β + noise),
and for the exponential model it is ieij = exij•β+noise. In all these cases, the noise is
generated from a normal distribution with mean 0. Finally, spectral peak intensities are
generated, and in all three models, the peak intensity of peptide ij is yij = ini · ieij. For
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the simulated data, the standard deviation of the noise is constant, but different experi-
ments use different amounts of noise, i.e., noise with different standard deviations. Here,
noise level is measured with respect to the variation within the peptide data. For example,
a noise level of 50% means that the standard deviation of the noise if 50% of the standard
deviation of the components of the peptide vectors xij. For each simulated experiment,
we simulated 100 different proteins, each fragmenting into 10 different peptides, for a
total of 1000 peptides. In addition, in order to obtain a nice visual representation of the
accuracy of our estimates of protein level, we divided the proteins into ten groups, where
each protein in a group has exactly the same input amount, ini.

Each simulated experiment uses the same protein levels, ini, the same peptide feature
vectors, xij, the same parameter vector, β, and often the same noise. Of course, the
datasets for the three models—linear, inverse, and exponential— will still differ, since,
according to the formulas given above, the ionization efficiencies, ieij, and spectral peak
intensities, yij, will be different in the three models.

5.3 Experimental Design

As described in Section 3, only those proteins that produce at least two peptides with
observable spectral peaks are useful for fitting models to data. We first identified these
proteins. We then built an index for these proteins, and a separate index for their peptides.
For the Brain dataset, the indexes contain 8,527 peptides and 1,664 proteins, respectively.
For the Heart dataset, the indexes contain 7,660 peptides and 1,281 proteins, respectively.
For the Kidney dataset, the indexes contain 7,074 peptides and 1,291 proteins, respec-
tively. In addition, in order to estimate the generalization error of the fitted models, each
of these three data sets is divided randomly into two subsets, training data and testing
data, in a 2:1 ratio.

Finally, to use the models developed in Section 3, each peptide must be represented as
a vector, x. This paper evaluates several ways of doing this, using vectors with 22, 42, 62
and 232 components, respectively. The 22-component vector represents the amino-acid
composition of a peptide. Recall that a peptide is a sequence of amino acids. Since there
are twenty different amino acids, the vector has 20 components, (x1, ..., x20), where the
value of xi is the number of occurrences of a particular amino acid in the peptide. In
addition, the vector has a 21st component, x0, whose value is always 1, to represent a bias
term, as is common in linear regression [12]. The vector also has a 22nd component whose
value is the charge of the peptide ion, as given in Table 1. The 232-component vector
uses these same 22 components plus an additional 210 quadratic components of the form
xixj computed from xi and xj for 1 ≤ i, j ≤ 20.

These vectors capture the charge and amino-acid composition of a peptide, but they
do not contain any sequential information. The 42-component vector ameliorates this
situation somewhat. It divides a peptide sequence into two subsequences, by cutting it
in half, and represents the amino-acid composition of each half. This requires 40 vector
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components. Again, we add a 41st component to act as a bias term, and a 42nd component
to represent charge. The 62-component vector carries this idea one step further by dividing
a peptide into three subsequences, thereby capturing more sequential information.

These four different peptide representations can be used with any of the eight fitting
methods developed in Section 4, namely, LIN1, LIN2, LIN3, EXP1, EXP2, INV1, INV2
and INV3. When applied to the training data, these methods each estimate a vector
of parameters, β, from which we can estimate the ionization efficiency of any peptide.
As described in Section 3, the ionization efficiency of a peptide is given by the following
formulas, depending on the model:

Linear : ie = x•β Exponential : ie = ex•β Inverse : ie = 1/(x•β) (14)

where x is the vector representation of the peptide, as described above. To estimate the
accuracy of these models, we use them to predict the spectral peak intensities of all the
peptides in the testing data. We then compare the predictions to the observed values.

The first step is to estimate the amount of each protein in the testing data. Recall
that yij = ini · ieij, where ini is the amount of protein i, ieij is the ionization efficiency
of peptide ij, and yij is the intensity of the peptide’s spectral peak. The goal is to estimate
a value for ini given the observed values of yij and the estimated values of ieij. There
are numerous ways this can be done, and the most appropriate depends on the statistical
model being used. Recall that in each model, the formula yij = ini · ieij is transformed
so that X • β appears as a linear term. In particular:

Linear : yij = ini · (xij • β) Exponential : log(yij) = log(ini) + xij • β

Inverse : y−1
ij = in−1

i · (xij • β)

In each of these models, yij, xij and β are known, and ini must be estimated. Thus, in
the linear model, ini can be estimated by univariate linear regression. Likewise, in the
inverse model, after first computing values for y−1

ij , a value for in−1
i can be estimated

by univariate linear regression, from which the value of ini can be estimated as 1/in−1
i .

Finally, in the exponential model, a value for log(ini) can be estimated as the mean
of log(yij)− (xij • β), from which the value of ini can be estimated by taking exponen-
tials.

Let îni denote the estimate of ini, and let îeij be the estimate of ieij. If these were the
true amount of protein i and the true ionization efficiency of peptide ij, then the intensity
of the peptide’s spectral peak would be ŷij = îni × îeij. By comparing this estimate
to the observed value, yij, for each peptide in the test set, we obtain an estimate of the
generalization error of our methods.

A common way to make such a comparisons is to use the Pearson correlation coeffi-
cient, which measures the linear correlation between two random variables [2]. However,
because of the distribution of our data—highly skewed and ranging over several orders of
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magnitude—the Pearson correlation coefficient can be misleading, since its value is dom-
inated by a relatively small number of extremely large data values. In addition, because
of the variety of models we use, it is not clear whether we should compute the correlation
of y v.s. ŷ, or of log(y) v.s. log(ŷ), or of 1/y v.s. 1/ŷ. Fortunately, all these problems are
solved by using the Spearman rank correlation coefficient [2]. This is similar to the Pear-
son correlation coefficient, except that instead of correlating the data values themselves,
it correlates their ranks. It is therefore insensitive to the exact values of the data, and in
particular, to extremely large values. Moreover, instead of measuring linear correlation, it
measures monotone correlation (i.e., the tendency of one variable to increase or decrease
with the other variable). In fact, the value of the Spearman rank correlation coefficient is
invariant under monotonic transformations of the data. Thus, it does ot matter whether
we consider y or log(y) or 1/y.

Finally, in order to judge the significance of our results, we compare them to a set
of naive models. We use naive versions of the linear, exponential and inverse models,
denoted LIND, EXPD and INVD, respectively (where D stands for “Dumb”). In each
naive model, each peptide is simply assumed to have an ionization efficiency of 1. From
Equations (14), this is equivalent to assuming that, for all peptides, x•β is 1 in the linear
model, 0 in the exponential model, and 1 in the inverse model. We then specialize the
methods described above for estimating ini, as follows:

• in the linear model, ini is estimated to be the mean of yij;

• in the exponential model, log(ini) is estimated to be the mean of log(yij);

• in the inverse model, 1/ini is estimated to be the mean of 1/yij.

Using these estimates of protein input, the spectral peak intensity of each peptide is
estimated to be ŷij = îni · îeij = îni, since îeij = 1 in all of the naive models. Fi-
nally, we compare these estimated peak intensities to the observed peak intensities using
Spearman’s rank correlation coefficient. Note that for the naive models, the Spearman
coefficient will not depend on which vectors we use to represent peptide sequences, since
the models themselves are independent of this.

6 Results and Analysis

6.1 Experiments on Simulated Data

Since the protein levels are unknown in the real datasets, we must resort to simulated
data in order to directly compare the estimated protein levels to their true values. Fig-
ures 4 and 5 illustrate the estimation of protein input levels for the simulated data. The
straight blue lines in the figures represent the true protein levels, while the jagged red lines
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represent their estimated values.4 Notice that the curve of estimated values has the same
general shape as the curve of real values: when the real values rise or fall dramatically, so
to the estimated values; and when the real values remain constant, the estimated values
vary around the true value. However, the amount of variation varies considerably from
model to model.

The upper panels in Figure 4 clearly show that the variance in the estimated protein
levels is much greater for LIN1 than for the other two linear models, LIN2 and LIN3,
which have about equal variance. In addition, the lower panels in the figure show that the
variance is about equal for all three inverse models, INV1, INV2 and INV3. The upper and
lower panels cannot be directly compared, however, since the linear and inverse models
are based on different noise models. (As described in Section 5.2, in the linear model,
noise is added to ionization efficiency, ie, while in the inverse model, noise is added to
1/ie.)

Figure 5 shows a similar trend for the two exponential models, EXP1 and EXP2:
the curve of estimated protein levels has the same general shape as the curve of true
protein levels. In addition, we can see that the variance in the estimated protein levels
is about the same for the two exponential models. Note, however, that the ostensible
noise level is half of that used in Figure 4 for the linear and inverse models, yet the
variance in protein estimates appears to be much higher. This is because the noise model
is multiplicative, not additive. In particular, as described in Section 5.2, the ionization
efficiency is multiplied by enoise. Thus, an ostensible noise level of 25% has a much greater
impact on the exponential model than on the linear model.

A more comprehensive set of simulated experiments is presented in [17].

6.2 Experiments on Real-World Data

Tables 2, 3 and 4 show experimental results for every combination of eleven fitting meth-
ods, four peptide representations, and three Mouse datasets. The columns of each table
represent fitting methods, and the rows represent vector representations of peptides (iden-
tified by the number of features in the vectors.) Each table entry is the Spearman rank
correlation coefficient of y and ŷ, that is, of observed peptide peak intensity and esti-
mated peptide peak intensity. An entry of ****** means that the method could not be
used because a matrix turned out to be singular. The performance of the three best
methods, along with the naive methods, is illustrated graphically in Figure 6, which plots
the Spearman rank correlation coefficient against the size of the feature vectors. Each
curve in the figure represents a different method.

4As emphasized in Sections 3 and 4, it is only possible to estimate the relative values of protein levels,
not their absolute values. Thus, the true and estimated protein levels may differ by a possibly-large
constant factor. We have compensated for this in the figures by scaling the estimates so that they have
the same sum of squares as the true values.
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The following observations about the fitting methods are immediately apparent from
these tables: LIN1 and INV1 perform the worst; of the linear methods, LIN3 performs
the best; of the inverse methods, INV3 performs the best; INV3 always performs better
than LIN3; the exponential methods perform the best of all; the naive methods perform
better than many of the other methods; and of the naive methods, INVD performs the
worst.

Recall that the only difference between LIN1 ad LIN2 is the constraints on which
they are based. The poor performance of LIN1 suggests that its constraint is much less
appropriate than the constraint for LIN2, as argued in Section 4.1.2. Recall also that
LIN1 and LIN2 use a two-phase approach to learning, in which the parameter vector β is
estimated first, after which protein input levels are estimated from β. In contrast, LIN3
is based on a single-phase approach to learning, in which parameters and protein levels
are all learned simultaneously. The better performance of LIN3 over LIN1 and LIN2 on
the real datasets suggests that the single-phase approach is more appropriate, at least
for tandem mass spectrometry data, as suggested in Section 4.1. (Interestingly, in our
experiments on simulated data, LIN2 and LIN3 performed comparably, and clearly better
than LIN1 [17].) These conclusions are all corroborated by the performance of INV1,
INV2 and INV3, which parallels that of LIN1, LIN2 ad LIN3, upon which they are based.

That INV3 always performs better than LIN3 suggests that the inverse transformation
upon which INV3 is based had its intended effect. However, the result is not conclusive,
since the naive inverse method, INVD, performs significantly worse than the other two
naive methods, LIND and EXPD. In the naive methods, there is no attempt to model
the ionization efficiency of peptides, so that data transformation is the only factor that
distinguishes them.

The superior performance of the exponential models suggests that the logarithmic
transformation on which they are based is the most appropriate. This is perhaps not sur-
prising. Logarithms remove the problem of data ranging over several orders of magnitude,
while simultaneously compressing a sparse set of extremely large values into a denser set
of smaller values. This effectively deals with two of the main problems in our datasets.
In addition, it is reasonable to suppose that in estimating peptide peak intensities, as
with many other real-world values, it is the percentage error, not the absolute error that
matters. Thus, the appropriate noise model would appear to be multiplicative, not addi-
tive. Logarithms conveniently convert multiplicative noise to additive noise, thus making
linear regression a natural method to apply to the transformed data, which is exactly
what the two exponential methods do. In addition, unlike the inverse transformation,
logarithms map large values to large values, and small values to small values. In contrast,
since the inverse transformation maps large values to small values, a small error in the
estimated value of 1/y can result in a large error in y when y is large. This may more
than compensate for the ability of the inverse model to eliminate all skew from the data.

However, even the exponential methods perform only slightly better than the best
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naive method (which, as it turns out, is the exponential naive method, EXPD). The naive
methods essentially estimate the protein level by taking an average of the peptide peak
intensities for that protein. That they perform as well as they do can be interpreted in
a straightforward way. Higher protein levels will certainly give rise to greater peptide
peak intensities. Apparently, the reverse is also true to an extent: greater peptide peak
intensities are, on average, a reflection of higher protein levels. Put another way, two
factors contribute to peak intensity: the input level of the protein, and the ionization
efficiency of the peptide. The naive methods focus entirely on the former factor, which by
itself is enough to garner a correlation coefficient of about 0.5. However, the naive methods
do nothing to explain the very large differences in peak intensity between different peptides
from the same protein. Instead, they assume the peaks are all of equal intensity, something
that is not observed experimentally.

Finally, we should point out that of the four different vector representations, the 22-
feature vector generally works the best, though the 42-feature and 62-feature vectors are
often competitive. This suggests that sequential information (as captured in these latter
two vectors) is not as important as good statistics on amino-acid counts (as captured in
the 22-feature vector). The generally poor performance of the 232-feature vector suggests
that it is overfitting, since it includes all the features of the 22-feature vector, which
performs best. However, theses comments apply only when we consider all of the fitting
methods. When we consider only EXP1, the best performing method, its performance
seems independent of which vector representation is used.

Table 2: Spearman rank correlation coefficients on the Mouse Brain dataset

LIN1 LIN2 LIN3 INV1 INV2 INV3 EXP1 EXP2 LIND INVD EXPD

22 0.2080 0.4342 0.4259 0.1582 0.4755 0.4755 0.4986 0.5051 0.4591 0.3949 0.4691
42 0.2430 0.2645 0.4245 0.0065 0.4848 0.5588 0.4981 0.5049 0.4591 0.3949 0.4691
62 0.2146 0.2365 0.4265 0.0346 0.4846 0.4840 0.5033 ****** 0.4591 0.3949 0.4691
232 0.2103 0.2058 0.4218 0.0370 0.0594 0.4785 0.5141 ****** 0.4591 0.3949 0.4691

6.3 Visualization of the Goodness of Fit

As mentioned above, the three methods with the best correlation coefficients are EXP1,
INV3 and LIN3. To help visualize the goodness of the fit provided by these methods,
Figure 7 provides log-log plots of observed and estimated values for a training dataset.5

For each method, we provide two figures, a plot of y v.s. ŷ, and a plot of ie v.s. îe. Here,

5The INV3 and LIN3 methods produce a very small number of negative estimates, which we discard
before taking logs.
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Table 3: Spearman rank correlation coefficients on the Mouse Heart dataset

LIN1 LIN2 LIN3 INV1 INV2 INV3 EXP1 EXP2 LIND INVD EXPD

22 0.2039 0.4965 0.4965 0.2386 0.5635 0.5635 0.5669 0.5699 0.5392 0.4861 0.5418
42 0.1721 0.1844 0.4243 0.0106 0.5611 0.5556 0.5658 0.5656 0.5392 0.4861 0.5418
62 0.1355 0.1691 0.4974 0.0621 0.0667 0.5605 0.5867 ****** 0.5392 0.4861 0.5418
232 0.1477 0.1399 0.3285 0.0048 0.0307 0.4713 0.5634 ****** 0.5392 0.4861 0.5418

Table 4: Spearman rank correlation coefficients on the Mouse Kidney dataset

LIN1 LIN2 LIN3 INV1 INV2 INV3 EXP1 EXP2 LIND INVD EXPD

22 0.1655 0.4599 0.4609 0.2299 0.5250 0.5208 0.5207 0.5220 0.4908 0.4413 0.4909
42 0.2482 0.2339 0.4662 0.0584 0.5027 0.4991 0.5089 0.5188 0.4908 0.4413 0.4909
62 0.2024 0.2080 0.4690 0.0421 0.5033 0.5065 0.5151 ****** 0.4908 0.4413 0.4909
232 0.1818 0.2357 0.3992 0.0219 0.0124 0.4953 0.5105 ****** 0.4908 0.4413 0.4909

ie and îe are derived from y and ŷ, respectively, by dividing by în, the estimate of protein
input level. ie and îe thus provide two different measures of the ionization efficiency of a
peptide. Note that îe is the same as the estimate described in Section 5.

The first thing to notice is the strong horizontal lines in the plots of y v.s. ŷ. These
are due to the discrete nature of the observed values, y, most of which take on small,
positive integer values. The plots have no such vertical lines because the estimates, ŷ,
are real valued. The second thing to notice is that the plots of ie v.s. îe have no strong
lines. This is because ionization efficiency is inherently real-valued. Formally, dividing y
by în produces a real number, since îe is real valued. Finally, notice that the plot of ie
v.s. îe for the EXP1 method is by far the most Gaussian-looking of all the plots. This is
another measure by which it provides the best fit to the experimental data, in addition
to its relatively high correlation coefficient. In contrast, the plots for LIN3 and INV3 all
show evidence of residual structure that the methods were unable to fit.

7 Conclusion and Future Work

We developed and evaluated a number of methods for estimating protein levels and peptide
peak intensities in Tandem Mass Spectrometry (MS/MS) data. Other researchers have
attempted to estimate the peptide peak intensities in an MS/MS spectrum given the
amount of protein input to a mass spectrometer [10]. However, in this paper, we addressed
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the reverse problem of estimating the amount of protein input given an MS/MS spectrum.
A solution to this problem would allow biologists to efficiently estimate the amounts of
the thousands of proteins in a tissue sample. To our knowledge, this is the first attempt
to solve this problem using large amounts of data.

The methods we developed are based on simple, generative models of MS/MS data. In
fitting the models to the data, the methods attempt to solve two problems simultaneously:
estimating protein input levels, and explaining why different peptides produce peaks of
different intensity. Of the eight methods developed, the two exponential methods, EXP1
ad EXP2, performed the best. However, this research is just a first step, and additional
work is needed before protein levels and peak intensities can be predicted accurately.

The results in this paper suggest several directions for future work:

• More sophisticated regression methods, such as kernel methods and regression trees
could be tried. String kernels, in particular, could extract more information from
the peptide sequences. Such methods could easily be adapted to the framework of
our EXP1 method, which transforms the data into a more manageable form while
simultaneously factoring out the unknown amount of protein input.

• The problem of a fit being dominated by a few extremely large data values might
be ameliorated by a weighting scheme that places a large weight on small values.

• Although we tested several representations of peptides in this paper, it is not yet
clear whether the solution lies in more sophisticated regression schemes or in better
representations of peptides. Representations that capture more sequential infor-
mation (such as string kernels) may be important. In addition, a more refined
representation of peptide peaks may be needed. For instance, peak shape, not just
peak intensity, may be important. To this end, we have recently acquired more
detailed MS/MS data that allows us to estimate peak shape.

• The possible problem of overfitting can be addressed by regularization and bagging.
In particular, regularized linear regression could easily be incorporated into our
EXP1 method in order to test the utility of large vector representations of peptides.
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Figure 4: Illustration of the estimated input levels for different linear and inverse models
with noise level 50%, The upper panel shows the fitting result for LIN1,LIN2,LIN3, while
the lower panel shows the results for INV1, INV2 and INV328
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Figure 5: Illustration of the estimated input levels for different exponential models with
noise level 25%. The left panel shows results for EXP1, while the right panel shows results
for EXP2
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Figure 7: Log-log plots of y v.s. ŷ (bottom row) and ie v.s. îe (top row) on the Kidney
dataset. The two left panels are the results of EXP1 method, the two middle panels are
the results of the LIN3 method, and the two right panels are the results of the INV3
method.
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