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ABSTRACT

Summary: Recent advances in proteomic technologies have brought
investigators a richer understanding of and capacity for detection
of protein patterns and biomarkers. However, the complexity and
high-dimensionality of LS-MS/MS (shotgun) data make quantitative
analysis quite challenging. The statistical tools used to analyze
such data are still immature. In this paper, we introduce a quasi-
likelihood Poisson regression method to compare peptide/protein
identifications between groups, with the unit of measurement defined
as the frequency of a specific peptide/protein observation in a single
LC-MS/MS analysis. To evaluate the performance of the proposed
method, we applied it to a data set with known spiked-in proteins,
allowing us to test the methodology on real data where the ‘truth’ is
known by experimental design. Controlled by the FDR procedure, we
compared the true detection and false positive rates of the proposed
quasi-likelihood method with two recently developed methodologies,
the Poisson likelihood model and the beta-binomial test. We conclude
that the quasi-likelihood Poisson regression method retains the
strength of both alternative methods and performs better on this
spiked data set based on true detection and false positive rates.
Availability: The package is available upon request.
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1 INTRODUCTION

Shotgun proteome analysis platforms based on multidimensional
liquid chromatography-tandem mass spectrometry (LC-MS/MS)
provide a powerful tool to discover biomarker candidates in tissue
specimens [Slebos et al., 2008]. Given the fact that the spectral
counts from label-free shotgun proteomics can be used for the
protein abundance measurements [Old et al., 2005; Liu et al.,
2004; Zybailov et al., 2005], a protein/peptide frequency-based
analysis approach has been adopted widely to compare spectral
identifications between treatment groups, such as cancer vs. normal
[Hanks et al., 2006]. One major goal of statistical analysis on
spectral count data is to identify certain differential proteins as
’winners,” potential biomarkers worthy of further investigation.
Researchers have compared the ability of statistical tests such as the
Fisher’s exact test and the G-test to identify the winner’ proteins
in spectral count data [Zhang et al., 2006]. Those simple tests seem
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handy but cannot model the distribution of count data effectively,
not to mention the fact that they lack the ability to account for the
covariates associated with data. Most recently, two new methods
have been developed that better suit the characteristics of the data
and experiments: (1) a Poisson likelihood model in a Bayesian
framework (Qspec) [Choi er al., 2008] and (2) a beta-binomial
test [Pham et al., 2009]. One advantage of the Poisson likelihood
method is that it can model complicated shotgun data structure from
complex experimental designs; an obvious disadvantage, however,
is the potential violation of the assumption of the equal mean-
variance of Poisson distribution, which limits its applicability to the
empirical fitting of shotgun data. The beta-binomial test considers
the within and between-sample variations but is not flexible enough
to take into account other settings from the experimental design of
the data. In an attempt to combine the strengths of the two methods
above while overcoming their weaknesses, we propose a quasi-
likelihood Poisson model [McCullagh, 1983; Breslow, 1990] that
will enable us to put our analysis in a regression framework but
with relaxed restrictions on distribution assumptions. This approach
is appropriate for modeling count data with overdispersion and/or
underdispersion [Faddy et al., 2001], which is typical of shotgun
data.

This paper is organized as follows. Section 2 provides statistical
details about quasi-likelihood method. Section 3 evaluates the
proposed quasi-likelihood method by applying it to a yeast data
set with known spike-in human proteins, subsequently comparing
its performance to two recently developed methods, the Poisson
likelihood model and the beta-binomial test. Section 4 discusses the
analysis strategies and related issues and draws conclusions.

2 QUASI-POISSON MODEL

To compare spectral counts for different clinical groups (such
as normal vs. tumor), we can model the data in a regression
framework. Let Y denote spectral counts and = stand for group.
Since Y represents spectral count, it is not appropriate to assume
a Gaussian distribution; instead, generalized linear models (GLM)
will be applied to handle such non-normal responses [Nelder et al.,
1972]. Specifically, Poisson distribution, a distribution from the
exponential family of distributions, is usually assumed for count
data. This model can be expressed as:
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log(Y) = o+ 1 X1+ € )

Eq (1) is fitted by maximizing the Poisson likelihood function,
and the group effect can be accessed by testing the significance of
(1. However, for specifying a Poisson distribution, we put an equal
mean-variance assumption on the data, which is usually not held
in the empirical fitting. To alleviate this assumption, we propose
to use quasi-Poisson maximum likelihood. The key idea is that
instead of claiming that Y is from a known distribution, we assume
only knowledge of the first and second moments. In other words,
for fitting such ’count’ data, we are able to specify the link and
variance function of the model, but we do not have a strong idea
on an appropriate distribution form for the response. The important
part of the model specification is the link and the variance, and
the outcome is less sensitive to the distribution of the response,
given a reasonable sample size [Faraway, 2006]. For quasi-Poisson
method, the regression model can be specified as in Eq (1). The
fitting procedure is an analogy of fitting the model using Poisson
likelihood.

Let’s derive the quasi-likelihood Poisson model as following: for
the i response Y;, we have E(Y;) = u; and Var(V;) = oV ().
Now define a score, U; as

Y, —u;
@V (ui)
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It is easy to show that
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We notice that the properties for score U; shown in Eq (2)
and (3) are shared by the derivatives of the log-likelihood, which
suggests that the integration U; would serve as a good surrogate for
likelihood. It is natural for us to define a log quasi-likelihood for Y;
as:

[yt

Then the log quasi-likelihood for all n observations will be

Q=) Qi
=1

It is not hard to verify that @ behaves just like log-likelihood and
the estimation of 3 is obtained by maximizing (). We summarize
some features of the quasi-Poisson model as:

1. The usually asymptotic properties expected from maximum
likelihood estimators also hold for quasi-likelihood based
estimators [McCullagh, 1983]. Theoretically, these properties
are assuring and desirable.

2. The quasi-likelihood Poisson method allows for the dispersion
 to be a free parameter. This parameter is useful in modeling
overdispersion, which is typical of shotgun data [Pham et al.,
2009]. The quasi-likelihood method can model the variation of
such data with increased accuracy.

3. The quasi-likelihood premise broadens our modeling possibilities
for more real world data types: When we do not have a clear
idea about the distribution of the data, we still can model
such data with only knowledge of link and variance [Faraway,
2006].

4. In addition, quasi-likelihood allows us to model the data
in a regression framework that is easily extended to model
more complicated data from complicated experiments, such
as repeated measurements, longitudinal data, etc. The quasi-
likelihood method provides generally consistent estimates
of regression coefficients even if the variance function is
misspecified [Moore et al., 1991].

3 METHOD EVALUATION

Researchers have concluded that the beta-binomial test performs
the best among all existing methods [Pham et al., 2009], and
that the Poisson likelihood method is preferred in a regression
setting. The key idea by Qspec in [Choi et al., 2008]) provides a
framework that is flexible and easy to extend. Therefore, rather than
a comprehensive comparison to all existing methods, we will focus
on comparing the proposed quasi-likelihood method with these two
advanced methods: beta-binomial and Poisson likelihood model.
For method evaluation criteria, we will use power of detection
(true positive rate, sensitivity) and type I error (false positive
rate) as applied in [Pham ez al., 2009]. We also apply the FDR
controlling procedure for handling multiple comparisons during
simultaneous testing of thousands of proteins [Benjamin er al.,
1995]. We provide the power and false positive control rates for
these methods, corresponding to certain FDR values.

3.1 The Data

It is crucial to select an appropriate data set for method evaluation
since the evaluation on either power or false positive rate depends
on knowledge of ’ground truth.” Simulation is a common choice,
but it can miss the true characteristics of the data in real world.
Using a list provided by experts who know the ground truth may
be an alternative, but it is still merely an approximation [Pham
et al.,2009]. The data we choose is specifically designed for method
evaluation: A mixture of 48 human proteins was spiked into a known
yeast reference proteome at 5 different concentration levels (A: 0.24,
B: 0.67, C: 2.54, D: 6.7 and E: 20 fmol/ug yeast protein. More
details of the data is described in [Paulovich et al., 2009]). For such
spiked data, we know for certain the ground truth about the existing
difference; thus the comparisons based on such a data set will be fair
to any of these tests.
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3.2 True Detection Rate

Figures 1, 2, and 3 show the power at different FDR values of
quasi-likelihood, Poisson likelihood, and beta-binomial methods
respectively. First of all, as expected, they share the same patterns:
The power increases as the spiked human protein intensity goes
higher. Secondly, by a head-to-head comparison from these 3
plots, we see quasi-likelihood method performs better at all 5
concentration levels, especially when the concentration is low. At
levels C, D, and E, the quasi-likelihood method can detect most of
the human proteins with a reasonably small FDR value. When the
in-spiked level is low, the quasi-likelihood model yields the best
results, but all three methods have low detection rates.

Table 1 summarizes the powers for three methods at a small fixed
FDR value 0.05. Again, we see that at all levels, the quasi-likelihood
method performs best. Especially, when the concentration is low
(Yeast vs. A; Yeast vs. B), quasi-likelihood method has the power to
detect such a small difference. When the difference is high, all three
methods have similar performance. In supplemental figures, we
provide results on powers among the different levels of comparison
at different FDR for the three methods. All give evidence that the
quasi-likelihood method is an improvement over existing methods.

3.3 False Positive Rate

Figures 4, 5, and 6 show the false positive rate (FPR) at different
FDR values of the quasi-likelihood, Poisson likelihood, and beta-
binomial methods respectively. They all perform well, while quasi-
likelihood has a slightly higher but still reasonable FPR at one
concentration level. Table 2 summarizes the FPR for three methods
at a small fixed FDR value 0.05. The values in the table show good
performance for all three methods.

Table 1. Powers (%) of Three Methods at FDR 0.05

Quasi Poisson Beta-Binomial

Yeast vs. Yeast+Spike

A 4 0 4
B 39 15 20
C 70 65 65
D 85 83 80
E 98 96 93
3-fold difference
Dvs.E 67 57 54
Cvs.D 35 17 28
9-fold difference
Cvs.E 93 93 89
Bvs.D 72 70 70
27-fold difference
Bvs. E 96 96 93
Avs.D 83 80 80

4 DISCUSSION AND CONCLUSION

The analysis goal for shotgun data cannot be achieved completely
by providing a method or test that is only suitable to the data type
itself. Indeed, as with all types of high-throughput data, we face
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Table 2. False Positive Rate (%) at FDR 0.05

Quasi Poisson Beta-Binomial

Yeast vs. Yeast+Spike

A 0 0 1
B 1 0 1
C 2 1 1
D 2 0 0
E 8 1 0
3-fold difference
Dvs. E 2 0 0
Cvs.D 2 0 1
9-fold difference
Cvs.E 9 2 2
Bvs.D 2 0 0
27-fold difference
Bvs.E 9 2 2
Avs.D 2 0 0
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additional challenges in the real world application, such as multiple
comparisons, large number of zero observations, small sample size,
and data normalization. To complete our work, presented below are
the strategies we employed to address such issues when analyzing
shotgun data in real world applications.

1. Shotgun proteomic data typically contains thousands of
proteins. When we test thousands of hypotheses simultaneously,
we need to be careful of a potential selection bias. Unadjusted
P-values taken from single-inference procedures result in
an increased rate of false positives. Family-wise error rate
methods are too conservative and have less application
value for discovery purposes because they are not suitable
for the large-scale simultaneous hypothesis testing problems
that arise from high-throughput technologies. To handle the
complications presented by simultaneously testing thousands
of proteins, we apply the False Discovery Rate (FDR)
[Benjamin et al., 1995] controlling procedure.

2. If we have strong biological knowledge to conclude some
spectra are not believable prior to any statistical treatment,
we should omit them from analysis. When we apply the FDR
controlling procedure to adjust for multiple comparison issues
later on, we will be less ”punished” due to fewer attempts in
searching out the significance. Appropriate thresholds for the
first step data screening might be necessary.

3. Another complicating feature of shotgun proteomic data sets
is the presence of large numbers of zero-values, e.g., no
spectra observed for a given protein. When comparing two test
groups, we can encounter data with all zeros in one group,
which causes the estimated standard error to be enormous. In
such a case, the corresponding Wald test statistics, based on
estimated coefficients with standard errors, are not reliable. A
conservative way to avoid this problem is to add one spectrum
count to the group comprised only of zeros. Another way is to
compare using nested models. When comparing models, the P-
value of an F-test rather than a x? test is calculated following
the quasi-likelihood method [Faraway, 2006].
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4. One limitation of LC-MS/MS based shotgun proteomics data
sets is that due to both financial and time constraints, the
number of analytic runs is usually small. Such small sample
sizes complicate statistical analyses of the data, and an
asymptotic distribution for the test statistics might not hold
when the sample size is small. For example, tests based on the
x? distribution are only an approximation that becomes more
accurate as the sample size increases. One possible solution
is to provide an appropriate test statistic. An appropriate test
statistic may involve a difference of deviance (performed on
two nested models) that is generally more accurate than a
goodness-of-fit test involving a single deviance.

5. To make sure the data are comparable, we need to 'normalize’
it prior to comparison. The ’confident ids’ from each run [Ma
etal.,2009] is added into the quasi-likelihood regression model
at the offset. The offset serves as the ’size’ variable, which
determines the number of opportunities for proteins to occur,
and by modeling such an offset, we normalize the shotgun data
and make it comparable for each group.

Different methods have been developed for shotgun data, but
until now there has been no ’gold standard’ statistical method for
analyzing such data. In addition to the methods either mentioned
before or proposed in this paper, negative binomial and zero-inflated
Poisson models are often viewed as solutions for count data with
a large number of zeros. We did not choose them because for
smaller sample sizes, such as the one presented in the current study,
the assumption on mixture distributions will further complicate the
estimation process; that is, we would be under-powered to estimate
the mixtures. The analysis method and the set of strategies presented
in this paper can be used as a general framework for this type
of data, which is flexible for extension to deal with data coming
from various shotgun proteomics experiment designs. A possible
extension of the quasi-likelihood approach would be an adaptation
for repeated measurements and longitudinal shotgun study designs
through generalized estimating equations (GEE) [Liang et al., 1986;
Zeger et al., 1986]. Our model is in a regression setting that can be
easily extended to incorporate other covariates when needed.
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