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ABSTRACT

A practical and powerful approach for stable isotope label-
ing is stable isotope labeling by amino acids in cell culture
(SILAC). A key advantage of SILAC is the ability to detect-
ing simultaneously the isotopically labeled peptides in a sin-
gle instrument run and so guarantees relative quantitation
for a large number of peptides without introducing any vari-
ation caused by separate experiments. In this work, we in-
troduce a new quantitative approach to dealing with SILAC
protein-level summary using classification-based methodolo-
gies. Unlike existing methods, our approach depends mainly
on the protein ratio summary and is not restricted only to
the proteins with two or more peptide hits. In particular,
our approach uses Gaussian mixture model and a stochastic,
metaheuristic global optimization algorithm, particle swarm
optimization (PSO), to avoid either a premature of conver-
gence or being stuck in a local optimum. Our simulation
studies show that the proposed method performs the best
in terms of F1 score.

Categories and Subject Descriptors

G.3 [Probability and Statistics|: Statistical computing;
[Special Track II]: Bioinformatics

General Terms
Algorithm, Classification
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1. INTRODUCTION

Stable isotope labeling, which either introduces a mass
difference between two proteomes or provides an internal
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standard for relative quantification, has been widely used
as quantitative proteomics methods [12]. A practical and
powerful approach for stable isotope labeling is stable iso-
tope labeling by amino acids in cell culture (SILAC), intro-
duced first by the laboratory of Matthias Mann [11], which
is a metabolic labeling strategy using stable isotope-labeled
amino acids in growth medium for quantitative proteomic
analysis. Owing to the nature of metabolic labelling, it al-
lows mixing of labelled and unlabeled cells so that subse-
quent fractionation and purification steps will not introduce
any errors in quantitation [9].

A key advantage of SILAC is the ability to detecting si-
multaneously the isotopically labeled peptides in a single
instrument run and so guarantees relative quantitation for a
large number of peptides without introducing any variation
caused by separate experiments.

Several software packages are available for stable isotope
labeling proteomics, such as MaxQuant [2], XPRESS [6],
Isoquant [8], Proteome Discoverer [4], etc. These mainly
focus on automated data extraction and subsequent data
analysis to refine the data, however. A universal fold-change
threshold is one of the common methods to identify differ-
entially abundant proteins, ignoring the differences in vari-
ability among experiments [10]. A simple method to account
for both systematic variation and multiple testing is the use
of standard student’s ¢ tests along with multiple compari-
son correction, but it requires large numbers of replicates or
peptides for each protein.

In this work, we introduce a classification-based approach
to dealing with SILAC protein-level summary. Unlike exist-
ing methods, our method relies mainly on the protein ratio
summary and is not restricted only to the proteins with two
or more peptide hits. Moreover, our method uses Gaussian
mixture model and a stochastic, metaheuristic global opti-
mization algorithm, particle swarm optimization (PSO), to
avoid either a premature of convergence or being stuck in
a local optimum. To evaluate the proposed method on the
quantitative analysis of SILAC data, we perform simulation
studies.

2. METHODS

2.1 Classification methods

The K-means clustering algorithm can be recognized as a
nonparametric approach because it assumes no underlying
distribution, while the second type of approach can be con-
sidered as a parametric approach due to the use of Gaus-
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sian distribution. Nonetheless, a general technique to pa-
rameter estimations for both approaches is the expectation-
maximization (EM) algorithm [3, 1].

Suppose there are N protein-level abundances for case and

control, {z1,x2, - -,zn} and {y1,y2, - - ,yn }, respectively, sum-
marized by their peptide-level abundances. Then the protein-
level ratios are constructed by r = z/y, resulting in N

protein-level ratios, {r1,r2, -+ ,rn}, where r;,i =1,--- | N,
are log-transformed ratios. Note that the protein-level ratio
represents the ratio between heavy-labeled and light-labeled
proteins.

The primary objective of the quantitative analysis of SILAC
is to identify the differentially abundant proteins that statis-
tically reject the null hypothesis, Ho : z; = y; (i.e.,r; = 0),
i = 1,---, N, after multiple comparison correction. The
differentially abundant proteins are further categorized into
two groups, either down-regulated (i.e., z < y or r < 0) or
up-regulated (i.e., z > y or r > 0). In essence, it assumes
that the SILAC ratios are generated from distributions of
three groups, r < 0, »r = 0, and r > 0. In this regard,
the above statistical testing can be interpreted as classify-
ing the ratios into three clusters, down-regulated (r < 0),
no-difference (r = 0), and up-regulated (r > 0). This re-
lationship gives us an idea to use a classification-based ap-
proach to differentially abundant proteins.

We employ the K-means clustering to classify the protein-
level ratios into three groups. Consider N protein-level ra-
tios, {r1,ra, -
ratios, as described above. Then the goal of the K-means
clustering is to estimate values for the two vectors, {zlk} and
{k}, wherei =1,2,--- | N and k = 1, 2, 3, by minimizing the
following objective function, given by

Jzzzzik(ri—ﬂk)27 (1)

3
i=1 k=1
where ur, K = 1,2, 3, represent the centers of each cluster
and z;; € {0,1},¢=1,2,--- ,N and k = 1,2, 3, are binary
indicator variables describing which of three clusters the ra-
tio r;,4 = 1,2,--- , N, is assigned to. As mentioned earlier,
the estimation of {z;x} and {ux} can be carried out by the
EM algorithm (e.g., [1]).

The K-means clustering can be considered as a nonpara-
metric approach due to assuming no underlying distribu-
tion of the clusters. On the contrary, Gaussian mixture
models (GMMs), a parametric approach, assume that the
protein-level ratios are composed of a mixture of three Gaus-
sian distributions. The GMM aims to maximize the fol-
lowing likelihood function to estimate the parameters, § =
{)‘kv Bk ok =1,2, 3}7 given by

N 3
Le(Olrs,i=1,--- ,N) = [[ D Mo(ris p, o), (2

where Ay > 0, k = 1, 2, 3, is a mixing coefficient and op_; Ay =
1; ¢(x;u,0) stands for a probability density function of
Gaussian distribution with mean p and standard deviation
o. To employ the EM algorithm, we introduce a set of tri-
nary latent variable z = {z;,4 = 1,--- , N} into Equation
(2), such that:

rilzi = k ~ Normal(uk,ok);
Prob(z; = k) = Ag. (4)
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Figure 1: The density plots of simulated data.

where Normal stands for a Gaussian distribution.

Each ratio then is assigned to a cluster based on z;; for
the K-means clustering and Prob(z; = k) for GMM. In other
words, the ith ratio r;,i = 1,2,--- | N, is assigned to the
cluster such that:

arg max zig; arg max Prob(z; = k); (5)

=L,4 =14

for the K-means clustering and GMM, respectively.

2.2 Particle swarm optimization (PSO) classi-
fication

The EM algorithm [3] is popular in various areas because
of its simplicity and stability, but it is a local optimization
so that convergence to the global optimum cannot be guar-
anteed or expected. Therefore, none of the aforementioned
approaches will guarantee convergence to the global opti-
mum. To circumvent this difficulty, a stochastic global opti-
mization, particle swarm optimization (PSO), is utilized in
addition to the EM algorithm.

PSO, introduced by [7], is a population-based global opti-
mization and evolves a group of solutions (particles) stochas-
tically. It was motivated by the behavior of a flock of birds
or school of fish in nature. Its main notion is to take advan-
tage of the communication involved in such flocks or schools.
PSO initially has a population randomly generated consist-
ing of a set of solutions. Each potential solution or element
of the set, which is called particle, travels with a random
velocity to find a solution through the problem space. Each
particle’s trace in the problem (i.e., search) space is then
determined by its own memory of best fittings. Individual
particle moves towards a stochastically weighted average of
these positions, until they converge to the global best solu-
tion. It is used to solve a wide array of different optimization
problems because of its attractive advantages, such as the
ease of implementation and its gradient free stochastic al-
gorithm. It has been proved to be an efficient method for
many global optimization problems, and not suffering from
the difficulties encountered by other evolutionary computa-
tion techniques. For an overview of PSO and its variants,
see [5].

In this work, PSO is employed to enhance the performance
of the M-step of EM algorithms. Namely, the latent variable
z is still estimated by the E-step, while the parameters 6 =
{ Ak, e, 063k = 1,2,3} are estimated by the M-step with
PSO. To implement PSO within the M-step, we use the
function ‘psoptim’ in the R package pso.
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Figure 2: The boxplots of TPRs of each method
according to three cases

2.3 Implementation

We use the functions available in the statistical software R
packages (Version 3.0.1) in order to implement the aforemen-
tioned methods. The K-means classification is implemented
using the function ‘kmeans’ available in the R package stats.
For Gaussian mixture models, the function ‘normalmixEM’
in the R package miztools is used. To implement the PSOM-
step, the function ‘psoptim’ available in the R package pso
is used for the PSO-based classification.

2.4 Performance criteria

The performances of all the methods are compared by
calculating the true positive rate (TPR), positive predictive
value (PPV), and F1 score of the classification.

The goal of the classification is to classify N protein-
level ratios into three clusters, down-regulated (r < 0), no-
difference (r = 0), and up-regulated (r > 0), where there
are N protein-level ratios, {r1,72, -+ ,rn}. Suppose there
are P down-regulated ratios, () no-difference ratios, and R
up-regulated ratios, where N = P + @ + R. Then, the per-
formance measures are obtained by

TPR = (E4+K+G+M)/(P+R);
PPV = (E4+K+G+M)/(S+U);
F1 score = (2-TPR-PPV)/(TPR+ PPV)
2-(E+K+G+M)/(P+R+S+U).

Note that TPR is also called recall and PPV precision, and
F1 score is the harmonic mean of TPR and PPV.

3. RESULTS

We compared the performance of the proposed methods
with the aforementioned methods using simulated data. As
stated before, the used methods are normEM (Gaussian
mixture models using the R package miztools), Kmeans (K-
means classification), and PSO. In addition to these three
methods, we also included the fold-change-based method as
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Figure 3: The boxplots of PPVs of each method
according to three cases

a control: FC (fold change-based cut-off of 2.5), resulting in
a total of four approaches.

For the simulated data, we used a mixture of Gaussian dis-
tribution that consists of three components, up-regulated,
no-difference, down-regulated. Without loss of generality,
the means of each component were fixed as -2, 0, and 2,
respectively. For the standard deviation (SD), the follow-
ing set of values was used, (0.5, 0.5, 0.5), where (01,02,03)
represents the true SDs of each component of up-regulated,
no-difference, and down-regulated, respectively. To reflect a
real-world data set, the weights of each component were set
to 1%, 3%, and 5% for the proportion of both up- and down-
regulated proteins, i.e., (0.005,0.99,0.005), (0.015,0.97,0.015),
and (0.025,0.95,0.025), respectively, out of 10,000 proteins,
where (w1,w2,w3) represents the proportion of proteins be-
longing to each component of up-regulated, no-difference,
and down-regulated, respectively. In order words, of these
10,000 proteins, the number of proteins that are up-regulated,
no-difference, and down-regulated is assumed to be (50, 9900,
50), (150, 9700, 150), and (250, 9500, 250), respectively. A
total of 500 simulated data were generated randomly using
a mixture of three Gaussian components for each of three
cases. The true density plots of each of the three cases are
depicted in Figure 1. In the figure, from the left to the
right, the index of each plot is ‘Casel’, ‘Case2’, and ‘Case3’.
The null distribution is depicted by green color, while those
of the up and down regulated proteins are by red and blue
colors, respectively. The gray color lines represent the mix-
ture distribution. The numbers in parentheses in the y-axis
display the standard deviations of each distribution, Up-
regulated, No-difference, and Down-regulated, respectively,
and the numbers in parentheses in the x-axis show the per-
centage of proteins in each distribution, Up-regulated, No-
difference, and Down-regulated, respectively.

Figure 2 displays the boxplots of TPRs of each method
according to three cases. Across all cases, normEM per-
forms the best, followed by Kmeans. FC achieves the worst
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Figure 4: The boxplots of F1 scores of each method
according to three cases

performance, while the performance of PSO is comparable
to either normEM or Kmeans although it shows relatively
larger variation.

The PPVs of each method are depicted by each of three
cases in Figure 3. Interestingly, normEM and Kmeans achieve
the worst PPV even though their TPRs are the best among
four methods, and PSO and FC show the relatively larger
PPVs compared to normEM and Kmeans, but PSO has the
largest variation in PPV.

Figure 4 displays the boxplots of F1 scores by each case.
As expected, PSO achieve the best performance in terms
of F1 score. In particular, although normEM and Kmeans
perform the best in terms of TPR, their F1 scores become
the worst due to their poor performance of PPV.

4. CONCLUSIONS

We developed a new quantitative approach to dealing with

SILAC protein-level summary using classification-based method-

ologies. Differently from the other methods, our approach
relies mainly on the protein ratio summary and does not
require the proteins with two or more peptide hits. As a
result, no matter how many peptide hits the protein has,
the developed method can be employed, rescuing many pro-
teins doomed to removal. Another advantage is no need
for multiple testing corrections, enabling direct interpreta-
tion of the analysis outcomes. In particular, our approach
uses Gaussian mixture model and a stochastic, metaheuristic
global optimization algorithm, particle swarm optimization
(PSO), to avoid either a premature of convergence or be-
ing stuck in a local optimum. Our simulation studies clearly
demonstrate that the PSO-based approach achieves the best
performance among the four methods in terms of F1 score.
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