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1 Summary

1.1 Introduction

Recent developments in genomics and molecular biology led to the generation of an

enormous amount of complex data of di↵erent origin [Simon, 2003]. This is demonstrated

by a number of published results from microarray experiments in Gene Expression Om-

nibus [Barrett et al., 2013]. The number was growing in exponential pace over the last

decade as shown in Figure 1.1. The challenge of interpreting these vast amounts of data

from di↵erent technologies led to the development of new methods in the fields of com-

putational biology and bioinformatics [Gentleman et al., 2005]. Researchers often want

to represent biological phenomena in the most detailed and comprehensive way. How-

ever, due to the technological limitations and other factors like limited resources this is

not always possible. On one hand, more detailed and comprehensive research generates

data of high complexity that is very often di�cult to approach analytically, however,

giving bioinformatics a chance to draw more precise and deeper conclusions. On the

other hand, for low-complexity tasks the data distribution is known and we can fit a

mathematical model. Then, to infer from this mathematical model, researchers can use

well-known and standard methodologies. In return for using standard methodologies,

the biological questions we are answering might not be unveiling the whole complexity

of the biological meaning.

This search for statistical representation of biological data at an adequate resolution is
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CHAPTER 1. SUMMARY
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Figure 1.1: Data deluge of published microarray samples in Gene Expression Omnibus
in the last 10 years. Over the last decade, microarray technology became a
standard approach to measure gene expression. The increasing number of ex-
periments published in Gene Expression Omnibus is reflecting the generation
of enormous amounts of complex data in biology.

presented in three example publications. In the first publication, Proteomic analysis of

mouse oocytes reveals 28 candidate factors of the ”reprogrammome”, we analyzed qual-

itative, bivariate biological data received from screening of a catalogue of proteins in a

mouse oocyte cell and embryonic stem cell. To get insights of underlying biology, we uti-

lized predefined gene/protein sets that define specific biological processes, and asked the

question: which of them are represented in detected protein catalogues in number signif-

icantly higher than expected by chance? This relationship between set of detected pro-
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1.1. INTRODUCTION

teins and set of proteins featuring a specific biological process was modeled as a random

variable from hypergeometric distribution. The performed statistical testing revealed

biological processes that were defining what is happening in oocyte cell and embryonic

stem cell. The second publication, The mouse oocyte proteome escapes maternal aging,

comprised analyses of oocyte proteins and mRNAs from three age groups, prepubertal,

mature and climacterium. Here, however, we improved the experimental protocols for

protein screening and assigned quantitative abundance level to each detected protein.

Thus, we conducted analysis of how oocyte proteins change over the course of mice ag-

ing as compared to mRNA. First, we showed that the set of detected proteins, which

is small compared to number of detected mRNAs (9.4%), is representative in terms of

semantic similarity using confidence intervals from the bootstrap distribution. Then,

we used the same gene/protein sets as in the first publication to search for biological

processes underlying age transitions from prepuberty to mature and from mature do

climacterium. For this, we designed a novel statistical inference suited for our purpose,

based on Mann-Whitney U test statistics and randomization testing. This allowed us to

get proper insights and draw conclusions about our datasets. In the third publication,

CellFateScout - a bioinformatics tool for elucidating small molecule signaling pathways

that drive cells in a specific direction, we developed a software that unveil small molecule

e↵ects in cell in terms of gene expression signaling cascades. Also, CellFateScout can

be used to design experiments involving small molecule perturbation. There are other

bioinformatic tools publicly available that could be used for the same task, therefore, we

validated our approach. We constructed a statistical framework to answer the question:

which of the bioinformatics tools predict results that are closer to small molecules tar-

gets and, thus, are plausible explanation of triggered signaling cascades. The validation

demonstrated that CellFateScout can yield better predictions than other bioinformatics

tools.
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CHAPTER 1. SUMMARY

1.2 Proteomic analysis of mouse oocytes reveals 28 candidate

factors of the ”reprogrammome”

An example of a low-complexity task is presented in our study [Pfei↵er et al., 2011].

The main aim of this publication was to collect a comprehensive catalogue of proteins

that exist in an oocyte cell using tandem mass spectrometry. The screening resulted in

bivariate data, where to each protein a state of being present or absent in oocyte cell was

assign. We also used this technology to screen for proteins in undi↵erentiated embryonic

stem cell (ESC) to understand reprogramming phenomena better. The measurements

were performed with the newest experimental protocols.

Before we analyzed the results of tandem mass spectrometry provided by MaxQuant

software [Cox and Mann, 2008], we prepared the raw data for statistical inferring as

follows. Analysis and preprocessing of data were performed with Bioconductor software

[Gentleman et al., 2004] using the R statistical computing and graphics environment [R

Core Team, 2013]. Using IPI’s (International Protein Index) [Kersey et al., 2004] data

repository files, two lists of proteins represented by PubMed ENTREZ identifiers were

established from the MaxQuant proteome data sets, which yielded 3574 proteins from

the initial 3699 protein groups detected in oocyte and 4588 proteins from the initial 4723

protein groups detected in ES cell. MaxQuant creates protein groups if the identified

peptide set of one protein was equal to or contained in another protein’s peptide set.

Protein groups were processed by taking the IPI identifier for which the highest peptide

count was measured. Preprocessing resulted in two sets of proteins from oocyte and

embryonic stem cell that are summarized in Figure 1.2.

After the preprocessing we received bivariate data, whether the protein was present

or absent in the oocyte or ESC. This type of data limited us to statistical inference that

is based on a discrete distribution. We gained biological understanding from the data,

visualizing main functions and conducting overrepresentation analysis using hypergeo-
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1.2. PROTEOMIC ANALYSIS OF MOUSE OOCYTES REVEALS 28 CANDIDATE
FACTORS OF THE ”REPROGRAMMOME”

Figure 1.2: Venn representation of the overlap between oocyte and embryonic stem cell
proteome.

metric distribution [Rivals et al., 2007] on gene sets representing Gene Ontology (GO)

[Ashburner et al., 2000] terms. The Gene Ontology is a structured vocabulary of terms

describing gene products according to molecular function, biological process, and cellular

component. This vocabulary can be represented as directed acyclic graph [Thulasira-

man and Swamy, 1992] and an example of such a graph is presented in Figure 1.3. We

categorized the proteins of the processed data sets in a similar way as the PANTHER

classification system [Thomas et al., 2003] by assigning them to the main GO terms of

the Biological Process (BP) hierarchy and presented it in Figure 1.4.

The basic idea behind overrepresentation analysis of Gene Ontology terms is to find

functional relationship among a given set of genes, in our case detected proteins, using

predefined sets of genes representing GO terms. When the data is bivariate e.g. protein

is present or absent, then the p-value representing overrepresentation can be calculated

with a hypergeometric distribution. The reasoning for using this distribution is that there

is a universe of objects that are of potential interest, e.g. all proteins in oocyte that can

be detected, and that this universe can be divided into two subgroups, proteins that

were detected and proteins that were not detected. Also, these objects have additional
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CHAPTER 1. SUMMARY

Figure 1.3: Example of Gene Ontology hierarchical structure. Gene Ontology terms are
forming a structured vocabulary can be represented as a directed acyclic
graph, where the leafs represent the most specific terms and the root is the
least specific one: biological process, molecular function or cellular compo-
nent. This example of a Gene Ontology graph was taken from [Salzburger
et al., 2008].

characteristics of belonging to (or not belonging to) a GO term. Then, we can ask the

question whether there is a relation between being in a subgroup of detected proteins

10



1.2. PROTEOMIC ANALYSIS OF MOUSE OOCYTES REVEALS 28 CANDIDATE
FACTORS OF THE ”REPROGRAMMOME”

Figure 1.4: Pie charts describing distribution of proteins detected in the oocyte (top)
and in the embryonic stem cell (bottom) among the main Gene Ontology
Biological Process categories.

and having the characteristic of belonging to a GO term of interest? Under the null

hypothesis stating that there is no relation we can model the number of proteins being

in an intersection of a subgroup proteins from a certain GO term and a subgroup of

detected proteins using a hypergeometric distribution. Summary of this approach is

illustrated in Figure 1.5.

To identify potentially interesting gene sets in [Pfei↵er et al., 2011], hypergeometric

testing was carried out for overrepresentation analysis. Testing was performed with a

p-value cuto↵ at 0.01 with Bonferroni multiple correction [Abdi, 2007]. Gene Ontology

Biological Process overrepresentation was analyzed with the R package GOstats [Falcon

and Gentleman, 2007] which is a part of the Bioconductor package. The proteome

11



CHAPTER 1. SUMMARY
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Figure 1.5: GO overrepresentation scheme with hypergeometric distribution. With this
approach we find functional relationship among a given set of proteins using
predefined sets representing GO terms. The universe of objects that are of
potential interest, all detectable proteins in the oocyte, can be divided into
two subgroups, proteins that were detected and proteins that were not de-
tected. Also, proteins have additional characteristics of belonging to, or not
belonging to a specific GO term. Then, we can ask the question whether
there is a relation between being in a subgroup of detected proteins and hav-
ing a characteristic of belonging to a GO term of interest? We can model the
number of proteins intersecting two sets, detected proteins and proteins from
a specific GO term, with the hypergeometric distribution and test whether
this number is significantly high to state that there is an overrepresentation.

datasets of both oocytes and ES cells were compared against the proteome reference set

of all mouse ENTREZ identifiers [Maglott et al., 2005] with existing IPI identifier (26463

proteins). The proteome reference set was also used for the proteome shared between

oocytes and ES cell. Due to the high number of proteins in the lists being analyzed

for overrepresentation, it was necessary to consider Gene Ontology categories where the

number of genes is su�cient for findings general trends, as proposed by Hahne and

colleagues [Hahne et al., 2008]. Therefore we considered only GO categories with more

than 30 genes. The 20 most enriched Gene Ontology Biological Process terms in the

whole and shared proteomes of oocytes and ES cells are in Supplemental Table 6 of the

original publication. The GO analysis of the oocyte and ES cell proteomes was repeated

12



1.3. APPROACHING A COMPLEX PROBLEM BY RANDOMIZATION

with and without considering the ties (proteins in a protein group with equal highest

peptide count), and the analysis resulted in the same top-20 GO categories. Elucidating

underlying biology of oocyte and ESC proteomes in terms of Gene Ontology Biological

Processes, helped to find di↵erences and shared elements of their functionalities.

We screened the shared 2556 proteins by oocyte and embryonic stem cells for putative

factors that allow reversibility of genomic modifications that are imposed on cells during

di↵erentiation and development [Hochedlinger and Jaenisch, 2006], called the reprogram-

ming factors. We considered that proteins with active reprogramming ability should be

localized in the nucleus, have chromatin as substrate, and act catalytically. Therefore we

filtered the shared proteins for the GO terms nucleus (Cellular Component), chromatin

modification (Biological Process) and catalytic activity (Molecular Function). Of these

2556 proteins, 28 fulfill the filtering criteria: Baz1b, Brcc3, Carm1, Ccnb1, Chd4, Dnmt1,

Dnmt3a, Eed, Ep400, Hat1, Hdac1, Hdac2, Hdac6, Hells, Kdm1a (Lsd1), Kdm6a (Utx),

Mll3, Prmt1, Prmt5, Prmt7, Rnf2, Rnf20, Ruvbl1, Ruvbl2, Smarca4 (Brg1), Smarca5,

Smarcal1, Usp16. These candidate reprogramming factors and their description are

collected in Table 1 of the original publication. Identifying candidate reprogramming

factors of the oocyte provided a basis to further explore and understand the mecha-

nisms of reprogramming. They can serve as the prime source of information to make

the reprogramming process in general more robust, complete and reliable.

1.3 Approaching a complex problem by randomization

Although this standard and direct approach using hypergeometric distribution for

overrepresentation analysis is well suited in [Pfei↵er et al., 2011], additional information

about the proteins, e.g. their abundance level, could improve the inference resolution.

But then, the statistical inference must be done with more complex methods. What if

we do not know the mathematical distribution of our investigated data and we cannot

13



CHAPTER 1. SUMMARY

fit a mathematical model and conduct any standard methodology? How to analytically

approach complex problem with statistical inference? One of the ways is to use a resam-

pling technique, the randomization testing (also known as a permutation testing). Many

hypotheses of interest can be regarded as alternatives to null hypotheses of randomness

[Manly, 2007]. Then, the hypothesis under investigation indicates that there will be a

tendency for a certain patterns to appear in the data. In contrary, the null hypothesis

says that if this pattern is present, then this is purely a chance e↵ect. A statistic T is

defined to measure the extent to which data show the considered pattern. A sampling

distribution of T is obtained by randomly reordering the data and recalculating values of

T . For observed data we receive value t of statistic T and if the null hypothesis is true,

then all possible orders for the data are equally likely to occur and observed data order

is then just one of the equally likely orders. If this is not the case and t does not show

as a typical value from the randomization distribution of T , then the null hypothesis is

rejected, and a pattern is reported. In two studies, [Schwarzer et al., Submitted] and

[Siatkowski et al., 2013], we used resampling techniques for investigating complex data.

1.4 The mouse oocyte proteome escapes maternal aging

The aim of [Schwarzer et al., Submitted] was to answer the question: How do mouse

oocyte proteins (the proteome) change over the course of maternal aging as compared

to mRNAs (the transcriptome)? To address this question we performed a quantitative

screening of proteins in oocytes using mass spectrometry and mRNAs using microarrays

from three age groups, prepuberty, mature age and climacterium.

In the proteome data provided by the MaxQuant software, proteins are placed in one

group if the identified peptide set of one protein is equal to, or contained in, a second

protein’s peptide set. Then, the proteins with the highest peptide count in a group

are able to explain the occurrence of these peptides by themselves, and we removed all

14



1.4. THE MOUSE OOCYTE PROTEOME ESCAPES MATERNAL AGING

other entries, as before in [Pfei↵er et al., 2011]. The IPI (International Protein Index)

identifiers of the remaining proteins were mapped to ENTREZ identifiers with an existing

MGI gene symbol. For 96.22% of the protein groups we obtained a single ENTREZ

identifier to which we assigned the (binary) logarithm of the heavy/light ratio calculated

by MaxQuant. Given 2775 identified proteins for the prepubertal, 2761 for the mature

and 2735 for the climacteric group, we subjected the 2325 proteins that occur in all three

age groups to further analysis, using a ’ratio of ratios’ [Geiger et al., 2011] describing the

’age-transition-based expression change’ from prepubertal to mature, and from mature

to climacteric, using mature as the point of reference. The Agilent microarray raw data

were imported into the R environment. We quantile normalized the data and filtered

out probe sets of low signal level. Expression values of probe sets mapping to the same

gene were averaged, yielding 22334 unique entities.

The detected proteome shared by three age groups is small compared to the detected

transcriptome shared by the three age groups (2102 of 22334, 9.4%), whereby our pro-

teomic dataset is certainly incomplete. We therefore considered the possibility that the

detected proteome may not be representative of the transcriptome, and that only some

of the missing proteins may feature a genuine lack of gene/protein expression. Gene on-

tology analysis showed that the two sets of data have similar qualitative features if genes

are annotated by main GO Biological Process terms (Figure 1.6). However, the small

proportion of mRNAs that matched into the proteome may raise concern of a sampling

bias of the proteome with respect to the transcriptome leading to incorrect conclusions.

To address this concern we used randomization approach described in the previous sec-

tion. We sampled 1000 random sets from the transriptome, of the same size as the

proteome, and we calculated the Gene Ontology (GO) semantic similarity between the

proteome and the transcriptome, and between the random sets and the transcriptome.

Constructing a randomization distribution of random set similarity score from transcrip-

tome, we noticed that our proteome GO semantic similarity score of 0.899 was within

15
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A
Figure 1

B CTranscriptome-proteome 
intersection (2102)

Transcriptome (22334) Protein (+) mRNA (-) (119)

Figure 1.6: Main Gene Ontology Biological Process term representation in the proteome-
transcriptome intersection (A), in the full transcriptome (B) and in the ’or-
phan’ proteome (C) of mouse oocytes. In terms of GO term semantic sim-
ilarity, the intersection relates to the transcriptome in about the same way
as a random set of same size does, see text.

interquartile range (from 0.894 to 0.901). Thus, our proteomic dataset was certainly

incomplete but its sampling bias is, if anything, small.

Further, to gain biological understanding of our datasets as in [Pfei↵er et al., 2011],

we conducted Gene Ontology overrepresentation analysis of 2102 genes/proteins shared

by proteome and transcriptome. We reasoned that even if there were lack of correla-

tion on global gene level between proteins and mRNAs levels (Kendal ⌧ coe�cient was

not significantly di↵erent from 0), this would not necessarily imply lack of concordant

functional enrichment within subsets of genes. Previously in [Pfei↵er et al., 2011] we

had bivariate, qualitative data and we used hypergeometric distribution. Improving the

protein screening technology in [Schwarzer et al., Submitted], abundance levels were

assigned to age transitions from prepubertal to mature age and from mature age to cli-

macteric. This technology improvement gave additional quantitative information about

16



1.4. THE MOUSE OOCYTE PROTEOME ESCAPES MATERNAL AGING

detected proteins and increases analysis resolution. As the proteome measurements had

no replicates due to very limited biological material, any cuto↵-based classification of

expression change as significant or insignificant is arbitrary, and the cuto↵ would indeed

a↵ect overall results (data not shown). Also, we wanted to apply methodology that will

take advantage of quantitative data and improve inference. Considering both transcrip-

tome and proteome, and both age transitions, four gene lists ranked by the expression

values were subjected to Gene Ontology Biological Process overrepresentation analysis.

Again, a randomization approach proved suitable. Following the recommendation of

Ackermann and Strimmer [Ackermann and Strimmer, 2009] we thus developed a proto-

col that estimates significance based on a randomization test as follows. For a list of genes

and their abundance levels we first applied the rank square transformation. This enables

us to treat expression changes the same way regardless the direction of change. Then, for

every set of genes that are annotated by a GO BP term, we used Mann-Whitney U test

statistic T to measure the extent to which data show the pattern of having annotated

genes on higher positions in the ranking than genes not annotated by considered GO BP

term, and calculated t as a value of the test statistic T on the observed data. Next, we

drew 1000 random sets from all genes of the same size as the considered GO term and

calculated Mann-Whitney-U test statistics. Therefore, for every GO term we obtained

a randomization distribution of T . Then we calculated p-value as a fraction of random

gene sets having more extreme Mann-Whitney-U test statistic than t. This procedure

has the e↵ect that GO terms are considered significantly enriched if genes tend to appear

much more often than expected at top positions of the list. In processing the GO ontol-

ogy terms, we also applied an algorithm that returns more specific terms by considering

the dependencies between them [Alexa et al., 2006] and we refer to this algorithm as

the ’elimination algorithm’. Gene Ontology term heatmaps were finally generated with

p-value cuto↵ of 0.01, and a gray gradient corresponding to the p-value, from light gray

(high p-value, light overrepresentation) to dark gray (low p-value, marked overrepresen-
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CHAPTER 1. SUMMARY

tation), using white as default (no significance). Thus, our statistical analysis enabled

biologists to conclude that the mouse oocyte proteome escapes maternal aging. The

heatmap is visualized in Figure 1.7.
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Figure 1.7: Overrepresentation heatmap of GO BP terms in the two age transitions,
considering both proteome and transcriptome. The almost complete lack of
overlap in GO BP terms between age groups, and between proteome and
transcriptome, shows that proteome changes and transcriptome changes are
weakly related to each other in oocytes of aging mice.
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1.5. CELLFATESCOUT - A BIOINFORMATICS TOOL FOR ELUCIDATING
SMALL MOLECULE SIGNALING PATHWAYS THAT DRIVE CELLS IN A

SPECIFIC DIRECTION

1.5 CellFateScout - a bioinformatics tool for elucidating small

molecule signaling pathways that drive cells in a specific

direction

In our latest study [Siatkowski et al., 2013], we developed a network-based bioinfor-

matics tool called CellFateScout as a Cytoscape plugin [Smoot et al., 2011]. To show

that our approach can yield better predictions of small molecule perturbation e↵ects

than other bioinformatics tools, we constructed a systematic validation protocol based

on randomization testing.

In the validation framework CellFateScout was compared to jActiveModules [Ideker

et al., 2002], KeyPathwayMiner [Alcaraz et al., 2011], ExprEssence [Warsow et al., 2010]

and limma package [Smyth, 2004] from Bioconductor project [Gentleman et al., 2004].

These considered bioinformatics tools represent distinct methods for elucidating pathway

information from expression data. For our validation, we constructed a systematic and

detailed protocol based on a randomization test that is designed to answer the question:

how far away from the known targets of the small molecules are the active pathways

we find? We performed a detailed and systematic analysis of our plugin, including a

comparison of CellFateScout with other available and well-known bioinformatics tools.

The workflow of our validation is illustrated in Figure 1.8A.
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1.5. CELLFATESCOUT - A BIOINFORMATICS TOOL FOR ELUCIDATING
SMALL MOLECULE SIGNALING PATHWAYS THAT DRIVE CELLS IN A

SPECIFIC DIRECTION

Figure 1.8: (See figure on previous page.) CellFateScout study workflow. A) Validation
pipeline. For a small molecule S we predicted signaling mechanisms with
bioinformatic tools and evaluated how much closer these are to its known
targets in the network, compared to randomly generated pathways. B) We
combined gene expression data, information about small molecules targets
and functional networks to perform a systematic search for active pathways
triggered by small molecules and stored them in the Small Molecule Mecha-
nisms Database. C) To discover active signaling pathway with CellFateScout,
a functional network and a di↵erential expression data are needed. The dis-
covered active pathways are used to query the Small Molecule Mechanisms
Database for matching signaling pathways triggered by small molecules. The
resulting small molecules are then listed and we can highlight edges and nodes
that are shared between the found pathways and the pathways triggered by
small molecules.

We defined the neighborhood of a small molecule within a network as its target genes

and their neighbors, up to a specific distance. We expected the genes in the neighborhood

to be a↵ected by the small molecule, that is, to feature a change in their expression. Our

validation is thus based on the question: are the active pathways we find close to the

known targets? In other words, in how far does the neighborhood of the small molecule,

based on its targets, coincide with the pathways it is supposed to activate, based on the

expression data of the experiment measuring its e↵ects?

For our validation e↵ort, we collected publicly available microarray experiments for

two organisms, for mouse (11 datasets) and for human (10 datasets). We used two

distinct database repositories to construct functional networks for both species. In first

approach, we utilized information from the STRING database [Franceschini et al., 2013],

in second, from the iRefIndex database [Razick et al., 2008]. We ran CellFateScout and

other bioinformatics tools on the collected datasets with functional networks. These

tools represent di↵erent ways to identify small molecule e↵ect, by gene-wise independent

testing, highlighting links (connected pairs of genes in the network), pathways or identi-

fying active subnetworks. We treated these results as sets of individual genes embedded
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CHAPTER 1. SUMMARY

in a network. In order to analyze the proximity of these gene sets to the small molecule

targets, first, we defined that the distance of a single gene to a small molecule is the

shortest distance of this gene to its closest small molecule in the network. Further, we

introduced a weighting function so that a weight was assigned to each distance based on

the size of the neighborhood of the small molecule. The weight of distance i is

weight(i) = 3

r
1� ni � 1

N

.

Here, ni indicates the number of genes in the network of distance i or less (with respect to

the gene in question) and N the number of all nodes in the network. Thus, the weighting

function is monotonically decreasing with respect to i, when N is fixed. This weighting

will be high if a gene is near a small molecule and the number of genes of the same, or

smaller, distance to this molecule is low. A visualization of this approach is presented

in Figure 1.9. Next, a distance of a set of genes to a small molecule was defined as the

weighted mean of the individual distances. We treated this weighted mean as a random

variable. However, this random variable has an unknown probability distribution. That

prevented us from a direct statistical inference. To overcome this issue, we randomized

the weighted mean. For every small molecule we obtained a distribution of weighted

means, calculated from randomly chosen gene sets taken from the network. We gener-

ated 10000 random gene sets of the same size as the average of the resulting pathways

and calculated the distance scores of these random sets to the small molecule under inves-

tigation. Using this randomization we calculated p-values as a fraction of random gene

sets that are closer to small molecule than investigated bioinformatics results. These

p-values are easier to interpret than weighted mean distances. They describe how much

better the results taken from the bioinformatics tools are compared to results based on

selecting genes randomly.

The validation protocol resulted in p-values describing the closeness of the known
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Figure 1.9: Visualization of the weighting function used in our validation approach. A
weight is assigned to a gene based on its distance to the small molecules and
the size of the neighborhood of the small molecule. In this toy example, we
have network nodes (genes) of distance 0 (targets), 1, 2 and 3 to the targets
of the small molecule and ni represents the number of genes of distance i or
less to these targets. The weight of the gene set in a pathway (colored in
yellow) is calculated based on the weighting function and e.g. for a node of
distance 2 in this toy example, the weight is 0.860.

targets of selected small molecules to the active subnetworks/pathways estimated by

bioinformatics. For better visualization, we turned the p-values into histogram bar

heights with �log10 function. Then, a large height corresponds to a small p-values

(indicating closeness). The resulting values, using networks constructed with STRING,

are shown in Figure 1.10 for mouse and Figure 1.11 for human. For resulting values

from networks constructed with iRefIndex see Figure 3 and Figure 5 in the original

manuscript. We found that CellFateScout is superior to other methods in finding active

signaling pathways close to known targets (for details see ’Validation of CellFateScout’

in [Siatkowski et al., 2013]).

CellFateScout was developed to turn di↵erential high-throughput expression data and

a functional network into a list of active signaling pathways utilizing the method of
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Figure 1.10: CellFateScout validation using mouse data and STRING networks. The his-
tograms of �log10 transformed p-values are shown for 11 small molecules
for 5 di↵erent bioinformatics tools. p-values indicate how much better the
pathways calculated by the various tools perform in terms of their proxim-
ity to the known small molecule targets, compared to randomly generated
pathways of same size. Pathways found closer to the known targets by the
bioinformatics tool have higher histogram bars.

Latent Variable [Shojaie and Michailidis, 2009, 2010]. This model yields directly for

every selected pathway a p-value for the hypothesis that it is activated. The Latent

Variable model incorporates directly the underlying network structure into a model. It

assumes that the expression level of each gene is based on its own expression and on

the influence of the expression of the other genes connected to the gene of interest by a

network edge. To illustrate the idea of Latent Variable Model we present a toy example.

Consider the simple network of Figure 1.12. Here, we see three nodes representing genes

with their expression levels X1, X2, X3 and ⇢12, ⇢23 represent influences between genes.
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Figure 1.11: CellFateScout validation using human data and STRING networks. The
histograms of �log10 transformed p-values are shown for 9 small molecules
for 5 di↵erent bioinformatics tools. See the Figure 1.10 legend for details.

Suppose Y = X+✏, where X is a vector of expression levels and ✏ is a noise vector. We

define latent variables � that capture the individual genes contribution. We assume that

the expression level Xi for a gene i consists of �i and the weighted sum of the expression

levels of genes in the network that influence i. Finally, we assume that �⇠Np(�,�2
�Ip),

✏⇠Np(0,�2
✏ Ip), where p denotes the number of nodes in the network, and � and ✏ are

independent. Then, for our example gene network we can represent genes expression as

X2X1 X3
⇢23⇢12

Figure 1.12: A simple gene network to illustrate the idea of Latent Variable Model.
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follows

X1 = �1,

X2 = ⇢12X1 + �2 = ⇢12�1 + �2,

X3 = ⇢23X2 + �3 = ⇢23⇢12�1 + ⇢23�2 + �3.

We summarize these equations in a vector notation.

Y = ⇤� + ✏,

where ⇤ is called the influence matrix of the graph. In our example network we have

⇤ =

0

BBBB@

1 0 0

⇢12 1 0

⇢12⇢23 ⇢23 1

1

CCCCA
.

Under such a model Y is a multivariate normal random variable with exprected value

⇤� and variance �

2
�⇤⇤0 + �

2
✏ Ip.

Applying CellFateScout to Connectivity Map [Lamb et al., 2006] data, i.e., di↵erential

expression data describing small molecule e↵ects, we generated a Human Small Molecule

Mechanisms Database as shown in Figure 1.8B. Having a list of active signaling pathways

as query, a similarity search can identify small molecules from the database that may

trigger these pathways. This workflow is illustrated in Figure 1.8C.

1.6 Conclusions

Nowadays it is a standard that a biological study involves generation of large amounts

of data that needs to be analyzed by a valid statistical procedure. Sometimes data chal-

lenge researchers with low complexity task only that can be performed with standard

and popular methodologies as in [Pfei↵er et al., 2011]. There, we established a protocol

for proteomics data that involves preprocessing of the raw data and conducting Gene On-
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tology overrepresentation analysis utilizing hypergeometric distribution. In cases, where

the data complexity is high and there are no published frameworks a researcher could

easily follow, randomization can give a statistical valid approach simple to implement.

In two studies by [Schwarzer et al., Submitted] and [Siatkowski et al., 2013] we showed

how randomization can be performed for distinct complex tasks. In [Schwarzer et al.,

Submitted] we constructed a random sample of a semantic similarity score between

oocyte transcriptome and random transcriptome subset of oocyte proteome size. There-

fore, we could calculate whether the proteome was representative of the trancriptome.

Further, we established a novel framework for Gene Ontology overrepresentation that

involves randomization testing. Every Gene Ontology term is tested whether randomly

reassigning all gene labels of belonging to or not belonging to this term will decrease the

overall expression level in this term.

In [Siatkowski et al., 2013] we validated CellFateScout against other well-known bioin-

formatics tools. We stated the question whether our plugin is able to predict small

molecule e↵ects better in terms of expression signatures. For this, we constructed a

protocol that uses randomization testing. We assess here if the small molecule e↵ect

described as a (set of) active signaling pathways, as detected by our plugin or other

bioinformatics tools, is significantly closer to known small molecule targets than a ran-

dom path.

1.7 CD with supplementary information

All supplementary information for publications Proteomic analysis of mouse oocytes

reveals 28 candidate factors of the ”reprogrammome”, The mouse oocyte proteome es-

capes maternal aging and CellFateScout - a bioinformatics tool for elucidating small

molecule signaling pathways that drive cells in a specific direction are available online

and links to these materials are in Sections 2, 3 and 4 respectively. Additionally, these
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files can also be found on the CD attached to this thesis. The content of the CD is

shown below as a directory tree.

CellFateScout is a Cytoscape plugin written in Java programming language. The

plugin was developed as a Java project in NetBeans IDE (Integrated Development En-

vironment). This project folder, comprising e.g. source codes, was compressed to a

CellFateScout.zip file and is added to the NetBeans project folder.

/

CellFateScout - a bioinformatics tool for elucidating small molecule

Additional file 1.xls

Additional file 2.xls

Additional file 3.xls

Additional file 4.odb

Additional file 5.ppt

Manuscript.pdf

NetBeans project

CellFateScout.zip

Proteomic Analysis of Mouse Oocytes Reveals 28 Candidate Factors

Manuscript.pdf

Supplementary Figure 1.pdf

Supplementary Figure 2.pdf

Supplementary Table 1.xls

Supplementary Table 1b.xls

Supplementary Table 2.xls

Supplementary Table 2b.xls

Supplementary Table 3.xls

Supplementary Table 4.pdf

Supplementary Table 5.pdf

Supplementary Table 6, 6B, 6C, 6D.pdf

Supplementary Table 7.xls

The mouse oocyte proteome escapes maternal aging

Manuscript.pdf

Supplementary experimental procedures.pdf

Supplementary Figure 1.pdf

Supplementary Figure 2.pdf

Supplementary Figure 3.pdf

Supplementary Figure 4.pdf

Supplementary Table 1.xls

Supplementary Table 2.xlsx
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Supplementary Table 3.xlsx

Supplementary Table 4.xlsx

Supplementary Table 5.xlsx

1.8 Contribution to publications

Proteomic analysis of mouse oocytes reveals 28 candidate factors of the ”re-

programmome”

Pfei↵er M J, (co-first author) Siatkowski M, Paudel Y, Balbach S T, Baeumer

N, Crosetto N, Drexler H C A, Fuellen G, and Boiani M (2011). J. Proteome Res. 10,

2140-2153.

Contribution Statement

Marcin Siatkowski preprocessed and analyzed microarray data (transcriptome), estab-

lished a novel preprocessing protocol for LC-MS qualitative data and used it on the

proteome data, conducted Gene Ontology overrepresentation analysis for proteome and

transcriptome, contributed significantly to Figure 2 and Figure 3, screened for 28 candi-

date factors of the ”reprogrammome”, analyzed di↵erences between transcriptome and

proteome, wrote the ’Database Search and Bioinformatics’ section and critically reviewed

the manuscript.

The mouse oocyte proteome escapes maternal aging

Schwarzer C, (co-first author) Siatkowski M, Pfei↵er M J, Baeumer N, Drexler

H, Fuellen G, Boiani M (2013). Aging Cell (Submitted).
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Contribution Statement

Marcin Siatkowski preprocessed and analyzed microarray data (transcriptome), submit-

ted raw microarray data to Gene Expression Omnibus, established a novel preprocess-

ing protocol for LC-MS quantitative data and used it on the proteome data, performed

transcriptome-proteome semantic similarity analysis, analyzed di↵erences between tran-

scriptome and proteome, established a novel, statistical framework for Gene Ontology

analysis on proteomics and transcriptomics data, wrote the ’Bioinformatics and statis-

tical data analysis’ section, contributed significantly to Figure 1, Figure 2, Figure 4,

Supplementary Figure 3 and critically reviewed the manuscript.

CellFateScout - a bioinformatics tool for elucidating small molecule signaling

pathways that drive cells in a specific direction

Siatkowski M, Liebscher V, Fuellen G (2013). Cell Communication and Signaling

11.1 (2013): 85.

Contribution Statement

Marcin Siatkowski developed the CellFateScout, constructed the Small Molecule Mech-

anisms Database, made the tutorial, applied the Latent Variable Model, established and

conducted a novel validation protocol, performed the statistical analyses in the paper,

made figures and tables and wrote the major part of the paper.
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’ INTRODUCTION

Mature oocytes and undifferentiated embryonic stem (ES)
cells contain reprogramming factors (proteins, RNAs, lipids,
small molecules) that enable these cells to swiftly reprogram
a somatic nucleus to pluripotency after somatic cell nuclear
transfer (SCNT) or cell fusion, respectively.1!3 Somatic cells
can also be reprogrammed by forced expression of a combination
of protein transcription factors for at least 50 cell cycles,2

producing induced pluripotent stem (iPS) cells.4 These three
reprogramming methods share with each other features such as
DNA demethylation of pluripotency gene promoters and reacti-
vation of Oct4, Nanog, and other genes. While the list of
pluripotency-associated genes continues to grow,4,5 the list of
known (i.e., identified) reprogramming factors remains short
even with the most recent new entries.6 Despite the advance
introduced by iPS cell technology, it is still not clear whether

upstream reprogramming events and molecular processes are
shared even just partially between the different reprogramming
platforms.

Oocyte-mediated reprogramming outperforms the iPS cell
approach not only in speed but also in terms of reprogramming
rates and quality,7 as measured by the generation of pluripotent
stem cells that can give rise to live births after tetraploid embryo
complementation.8,9 Hanna and colleagues therefore proposed
that the mechanism of pluripotency induction is active and directed
in oocytes (and also in ES cells, when performing reprogramm-
ing via cell fusion), as opposed to passive and stochastic in iPS
cells.2 This proposition finds support in the recent study of Ono
and colleagues, who inhibited the HDAC class IIb activity in
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ABSTRACT: The oocyte is the only cell of the body that can
reprogram transplanted somatic nuclei and sets the gold standard
for all reprogramming methods. Therefore, an in-depth characteriza-
tion of its proteome holds promise to advance our understanding of
reprogramming and germ cell biology. To date, limitations on oocyte
numbers and proteomic technology have impeded this task, and the
search for reprogramming factors has been conducted in embryonic
stem (ES) cells instead. Here, we present the proteome of metaphase
II mouse oocytes to a depth of 3699 proteins, which substantially
extends the number of proteins identified until now in mouse oocytes
and is comparable by size to the proteome of undifferentiated mouse
ES cells. Twenty-eight oocyte proteins, also detected in ES cells, match
the criteria of our multilevel approach to screen for reprogramming
factors, namely nuclear localization, chromatin modification, and
catalytic activity. Our oocyte proteome catalog thus advances the
definition of the “reprogrammome”, the set of molecules—proteins,
RNAs, lipids, and small molecules—that enable reprogramming.
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nucleus-transplanted mouse oocytes and achieved higher rates of
reprogramming.10,11 Identifying the reprogramming factors of
the oocyte should therefore serve as the prime source of
information to make the reprogramming process in general more
robust, complete and reliable.2

By definition, an active reprogramming mechanism entails
catalytic activity such as DNA nucleotide modification, base
excision repair or histone deacetylation. This is not the case for
the iPS cell factors, which are transcription factors binding to
DNA but lacking enzymatic activity. Although certain transcrip-
tion factors have been ascribed reprogramming ability, it is
possible that they simply bind to DNA in a sequence-specific
manner when the cell cycle offers them a window of opportunity
and then recruit other factors that carry out the actual repro-
gramming. Nontranscription factor proteins, as the main cataly-
tic and regulatory components of cells, hold the greatest promise
to be the active reprogrammers. Searching the oocyte for these
proteins is highly desirable since the oocyte is the only cell of the
adult body endowed with a natural reprogramming ability. The
analytical sensitivity of proteomic assays was so far not high
enough for the relatively small numbers of oocytes available in
mammals for research. For these primarily technical reasons, the
proteome of oocytes has not been resolved to a depth compar-
able to that of ES cells.12 Since ES cells can be easily obtained in
larger quantities than oocytes, proteomic-based approaches
using pluripotent ES cells have thus proven useful to identify
proteins that enhance the reprogramming efficiency in iPS cell
derivation, such as Smarca4 and Smarcc1.13

Early attempts to provide a comprehensive protein catalog of
oocytes and early embryos were based on two-dimensional
polyacrylamide gel electrophoresis (2D-PAGE), resulting in
thousands of spots from which a handful of proteins could be
identified.14,15 With the rise of modernmass spectrometry (MS),
some of the technical limitations of 2D-PAGE (e.g., identification
of proteins by spot position) have been overcome, although the
identification of all proteins within a specimen remains unac-
complished, particularly when the specimen amount is minute
and of high complexity, which is the case with mammalian
oocytes. Still, liquid chromatography coupled to mass spectro-
metry (LC!MS) is themethod best suited to gain an overview of
the proteome of a cell.

LC!MS was first used in reprogramming studies by Novak
and colleagues, who attempted to identify proteins in bovine
oocytes that bind to the nuclei of permeabilized epithelial cells.16

Although no such proteins were detected, this study pioneered
the field and paved the way for LC!MS applications on mouse
oocytes. Ma et al.,17 Zhang et al.,18 Yurttas et al.19 and Wang
et al.20 analyzed the proteome of metaphase II mouse oocytes by
LC!MS leading to the identification of a range of oocyte
proteins: 380 (in 80 μg total protein), 625 (2700 oocytes),
185 (500 oocytes) and 2973 (7000 oocytes), respectively. While
this depth is remarkable for mammalian oocytes, the count still
lies far from the 5111 proteins identified in mouse ES cells.12

However, as the sensitivity of mass spectrometry and the ability
to analyze collected spectra is improving, more information can
be gained from minute specimens such as mammalian oocytes.

Here we analyzed the proteome of metaphase II B6C3F1
mouse oocytes and undifferentiated mouse ES cells using
LC!MS in order to approximate the molecular definition and
thereby our understanding of what we call the reprogrammome,
namely the set of proteins, RNAs, lipids and small molecules that
enable reprogramming. Since proteins are synthesized in the

cytoplasm, and oocytes and ES cells have markedly different sizes
as well as nucleus-cytoplasmic ratios, comparing their protein
amounts would primarily reflect these physical features rather
than reprogramming ability. Therefore, as a first step toward
pinpointing oocyte proteins that initiate reprogramming, we
screened our catalog of 3699 proteins for members that are also
present in undifferentiated ES cells regardless of the amount and
that feature three of the defining properties of reprogramming
factors: nuclear localization, chromatin modification and cataly-
tic activity. Of 28 proteins that fulfill these criteria, 17 proteins
have been reported to show increasing levels of coding mRNA in
mouse fibroblasts during transition to iPS cells.21 In sum, the
present catalog of 3699 oocyte proteins and its subset of 28
candidate reprogramming factors advance the definition of the
reprogrammome and provide a basis to further explore and
understand the mechanisms of reprogramming for the benefit
of all reprogramming platforms.

’EXPERIMENTAL METHODS

Mice
Six- to eight-week-old B6C3F1 (C57Bl/6J " C3H/HeN)

mice were used as oocyte and cumulus cell donors. Nanog-GFP
transgenic mice were from RIKEN Institute, Tsukuba, Japan
[Strain name STOCK Tg(Nanog-GFP,Puro)1Yam, RBRC no.
RBRC02290]. All mice were primed with 10 IU each pregnant
mare’s serum gonadotropin (PMSG) and human chorionic
gonadotropin (hCG) injected intraperitoneally 48 h apart at 5 pm
and sacrificed by cervical dislocation 14 h after hCG to collect the
cumulus-oocyte complexes (COC) from the oviducts. Mice were
maintained and used for experiments according to the ethical permit
issued by the Landesamt f€urNatur,Umwelt undVerbraucherschutz
(LANUV) of the state of North Rhine-Westphalia, Germany.

Somatic Cell Nuclear Transfer (NT) and in vitro Culture
Within 30 min of COC collection, surrounding cumulus cells

were removed from metaphase II oocytes using hyaluronidase
(50 U/mL), and oocytes were put in culture. Micromanipula-
tions were performed as described.22 Briefly, the chromosomal
spindle was removed by gentle suction in a piezo-operated
microcapillary needle (12 μm inner diameter) in the presence
of cytochalasin B (1 μg/mL). The ooplasts were transplanted
with single cumulus cell nuclei by injection with a piezo-operated
microcapillary needle (7 μm inner diameter) in the presence of
1% polyvinylpyrrolidone 40 kDa. The nucleus-transplanted
ooplasts were parthenogenetically activated in Ca-free R-MEM
supplemented with 10 mM SrCl2 and 5 μg/mL cytochalasin B.
All micromanipulations were conducted inHCZBmedium (with
5.6 mM glucose) under Nomarski optics at 30 !C room tempera-
ture. Recovery from micromanipulation was allowed in R-MEM
medium (ooplasts) or in R-MEM and HCZBmediummixed 1:1
(nucleus-transplanted ooplasts) for 1 h.

In vitro culture of cloned embryos was performed in R-MEM
medium as previously described.22 R-MEM medium was pur-
chased (Sigma #M4526) and supplemented with bovine serum
albumine (BSA, 2 mg/mL; Probumin #81-068-3, Millipore) and
gentamicin sulfate (50 μg/mL). Embryos were cultured to
blastocyst stage in 500 μL R-MEM in Nunc 4-well plates. When
required, the medium was supplemented with 10 μg/mL cyclo-
heximide (CHX). Treatment with CHX started immediately after
enucleation or after chemical activation of nucleus-transplanted
oocytes, and lasted for 96 h (chronological blastocyst stage).
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This time span was chosen since the Nanog gene would not
normally be expressed until the 8-cell stage (≈ 55 h). In addition,
CHX treatment was also applied to a third group of cloned
embryos for only 6 h during activation.

Oocyte and ES Cell Sample Preparation and Processing for
Mass Spectrometry

Sample Preparation. One-thousand eight-hundred eighty-
four metaphase II oocytes were denuded using warm Tyrode’s
acid solution and collected in SDS lysis buffer (4% SDS, 100 mM
Tris/HCl pH 7.5, 0.1 M DTT, total volume 70 μL). The sample
was sonicated using a Bioruptor sonication system (5 cycles of
30 s on and 30 s off at high setting), to ensure total lysis and to
shear DNA. ES cells from one 10 cm plate were subjected to
double sedimentation and collected in SDS lysis buffer as
described. Following addition of 20 μL LDS sample buffer and
heating, oocyte lysate proteins were size fractionated by 1D gel
electrophoresis in two neighboring lanes of a 4!20% NUPAGE
gel (Invitrogen) and stained with Colloidal Blue staining
Kit (Invitrogen). Lanes containing protein were sliced into
29 (oocytes) and 27 (ES cells) pieces and processed for GeLC!
MS/MS. Briefly, proteins within each gel piece were subjected
to reduction (10 mM DTT, 45 min at 56 !C) and alkylation
(JAA, 30 min, RT, in the dark) followed by Trypsin cleavage
(Promega) for 16 h at 37 !C. Peptides were then extracted from
the gel pieces as described23 and desalted as well as concentrated
by Stage Tips.24

LC!MS/MS and Data Analysis. Each fraction, which re-
presented the peptide content of two neighboring gel pieces
(Figure 1), was analyzed by Reversed phase Chromatography
using a EasyLC nanoflow system (Proxeon) that was online
coupled via in-house packed fused silica capillary column emit-
ters (length 15 cm; ID 75 μm; resin ReproSil-Pur C18-AQ,
3 μm) and a nanoelectrospray source (Proxeon) to an LTQ
Orbitrap Velos mass spectrometer (Thermo Scientific). Peptides
were eluted from the C18 column by applying a linear gradient
from 5!35% buffer B (80% acetonitril, 0.5% acetic acid) over
120 min followed by a gradient from 35!98% over 15 min. The
mass spectrometer was operated in the positive ionmode (source
voltage 2.2 kV), automatically switching in a data-dependent
fashion between survey scans in the mass range of m/z 300!1650
andMS/MS acquisition. Collision inducedMS/MS spectra from the
15most intense ion peaks in theMSwere collected (Target Value of
theOrbitrap survey scan: 1000000; resolutionR= 60000; Lockmass
set to 445.120025). Rawdata fileswere thenprocessed byMaxQuant
software (v 1.0.12.36) in conjunction with Mascot database sear-
ches.25 Data were searched against the International Protein Index
sequence database (mouse IPI, version 3.60) concatenated with
reversed sequence versions of all entries. The parameter settings
were: Trypsin as digesting enzyme, a minimum length of 6 amino
acids, a maximum of 2 missed cleavages, carbamidomethylation at
cysteine residues set as fixed and oxidation at methionine residues as
well as acetylation at the protein N-termini as variable modifications.
Themaximumallowedmass deviationwas 7 ppm forMS and 0.5Da

Figure 1. Colloidal Coomassie stained SDS-polyacrylamide gel. The lysate of 1884 metaphase II mouse oocytes was separated by SDS PAGE
(distributed between two lanes), stained and cut into 29 slices (black lines) (left, panel A). The lysate of undifferentiated mouse ES cells was loaded (100
μg/lane) on the gel and separated as described (right, panel B). In both gels, the slices are indicated in which the candidate reprogramming factors were
detected (as a peak) after subjecting the slices to in-gel trypsin digestion and subsequent nanoLC!MS/MSmass spectrometry. In case of factors lacking
a peak (e.g., Dnmt1 and Usp16, detected in most slices), no slice is indicated.
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for MS/MS scans. Protein groups were regarded as being unequi-
vocally identified with a false discovery rate (FDR) set to 1% for all
protein and peptide identifications when there were at least 2match-
ing peptides, one of which being unique to the protein group. Mass
spectrometry data was also analyzed using the SEQUEST search
algorithm and Proteome Discoverer software (Thermo Scientific).

Transcriptome
We obtained microarray data so that we could compare the

mouse oocyte proteome and transcriptome. Two pools of 20
zona-enclosed B6C3F1 oocytes each were subjected to total
RNA extraction followed by preamplification, reverse transcrip-
tion, labeling, and hybridization as described next.

RNA (samples in 300 μL RLT buffer with 1% β-mercapt-
oethanol) was isolated using RNeasy Micro Kit as described by
the manufacturer (Qiagen, no DNase treatment). An examina-
tion of total RNA on an Agilent 2100 Bioanalyzer and RNA Pico
6000 Lab-Chip kit confirmed the extraction of high-quality RNA,
which was then prepared for gene expression profiling.

Arcturus RiboAmpHS Plus Amplification Kit (MDS Analytical
Technologies GmbH, Germany) was used to amplify total RNA
(two rounds of amplification) according to manufacturer’s
instructions. After the second round of amplification, ampli-
fied RNA was eluted with 15 μL RE buffer. Concentration of
amplified RNA was measured using Agilent Bioanalyzer 2100
and RNA 6000 Lab-Chip kit.

Three micrograms of amplified RNA were labeled with Cy3
using Arcturus Turbo Labeling CY3 Kit (MDS Analytical
Technologies GmbH, Germany). Concentration and frequency
of incorporation (FOI) weremeasured using theNanoPhotometer
(Implen, Munich, Germany).

Fragmentation (1650 ng Cy3-labeled amplified RNA) and
hybridization were performed following the hybridization pro-
cedure recommended by the array manufacturer (Agilent Tech-
nologies), with a modification given by the manufacturer of the
Turbo Labeling CY3 Kit. Microarray wash and detection of the
labeled RNA on GeneChips were performed according to the
instructions of Agilent Technologies. Gene expression profiling
was performed using Agilent’s Whole Mouse Genome Oligo
Microarrays (4 " 44k, each array with 41 174 features). Array
image acquisition and feature extraction was performed using the
Agilent G2505B Microarray Scanner and Feature Extraction
software version 9.5 (Agilent Technologies).

Real-time RT-PCR
For quantitative RT-PCR analyses, total RNA was extracted

from pools of embryos using the ZR-RNAMicroPrep kit (Zymo
Research #R1060) with an on-column DNA digestion using
the RNase Free DNase Set (Qiagen #79254). Complementary
DNA synthesis was performed using the High Capacity cDNA
Reverse Transcription Kit (Invitrogen #4368813) according
to manufacturer’s instruction. Transcript levels were determined
using the ABI PRISM Sequence Detection System 7900
(Applied BioSystems) in connection with the Power SYBR
Green PCR Master Mix in 20 μL reaction volumes in triplicate.
Running conditions were as follows: 50 !C for 2 min, 95 !C
for 10 min, 95 !C for 10 s and 60 !C for 1 min for a total of 40
cycles; dissociation step: 95 !C for 15 s, 60 !C for 15 s and 95 !C
for 15 s. Correct amplification was verified by examining melting
curves of PCR products. Ct values were obtained with SDS
2.2 (Applied Biosystems), with a threshold of 0.2 and baseline
3!15. Expression levels of different transcripts were normalized
to the housekeeping genes gapdh and β-actin within the

log!linear phase of the amplification curve using the ΔΔCt
method. Primer sequences (50-30) were as follows: Gapdh forward
CCAATGTGTCCGTCGTGGAT;Gapdh reverse TGCCTGCT-
TCACCACCTTCT; Actb forward ACTGCCGCATCCTCT-
TCCTC; Actb reverse CCGCTCGTTGCCAATAGTGA; Nanog
forward GAACGGCCAGCCTTGGAAT; Nanog reverse GCAA-
CTGTACGTAAGGCTGCAGAA.

Immunofluorescence
Oocytes, embryos and ES cells were fixed in 4% PFA in PBS

for 20 min, permeabilized in 0.01% Triton-X100 in PBS for 10
min and then blocked for at least 1 h in PBS with 0.1% Tween 20,
2% BSA, 2% glycine. Working concentrations of the primary
antibodies were obtained in blocking solution (rabbit-anti-
Baz1b, Sigma W3516, 30 μg/mL; rabbit-anti-PRMT7, Santa
Cruz sc-98882, 1 μg/mL; goat-anti-Ruvbl2, Santa Cruz sc-
34751, 0.3 μg/mL) and applied to cells at 4 !C overnight. The
cells were then washed two times for 5 min in 0.1% Tween 20 in
PBS and incubated with the secondary antibodies for 2 h (goat-
antirabbit-IgG-Alexa 647, goat-antirabbit-IgG-Alexa 568, don-
key-antigoat-IgG-Alexa 647, all diluted to 1 μg/mL in blocking
solution). After two washes in 0.1% Tween 20 in PBS, the cells
were counterstained with 1 μM YO-PRO-1 (Molecular Probes,
Invitrogen) for 10 min and imaged on a confocal microscope
(UltraView RS3, Perkin-Elmer). Captured images were analyzed
using the software ImageJ.

Database Search and Bioinformatics
Analysis and preprocessing of data were performed with

Bioconductor software26 using the R statistical computing and
graphics environment.27 First, transcriptome data were analyzed
by the Agilent Feature Extraction software version 9.5. All Agilent
microarray probe sets weremapped to PubMed ENTREZ, which
was used as the common point of reference. Mapping was accom-
plished using the mgug4122a.db R package version 2.4.5. Posi-
tive hybridization for both samples was taken as evidence that the
mRNA corresponding to the probe was present. By this criterion
the data set was reduced from 27 032 (flag filtering) to 15 476
probe sets (double positive), and the gene hits in the transcrip-
tome were screened to eliminate duplicates and multiple probes.
Thus, of the initial 16 157 genes (corresponding to 27032 probe
sets), 10 833 genes (corresponding to 15 476 probe sets) were
retained for further analysis.

Next, we processed the proteome data set provided by the
MaxQuant software. Frequent new releases of the IPI (International
Protein Index)28 implied that an update of theMaxQuant annotation
was required, so we utilized supporting history files obtained from
the IPIWeb site (ftp://ftp.ebi.ac.uk/pub/databases/IPI/current) to
upgrade to version 3.76. Based on the ipi.MOUSE.xrefs.gz file
downloaded from IPI data repository, two lists of proteins repre-
sented by PubMed ENTREZ identifiers were established from
MaxQuant proteome data sets, which yielded 3574 proteins from
the initial 3699 proteins detected in oocyte and 4588 proteins from
the initial 4723 proteins detected in ES cell. MaxQuant creates
protein groups if the identifiedpeptide set of oneproteinwas equal to
or contained in another protein’s peptide set. Protein groups were
processed by taking the IPI identifier for which the highest peptide
count was measured. When the same highest peptide count was
obtained for two proteins in a protein group, we considered this a tie,
and we arbitrarily took the first protein to not have to discard such
hits. Such a tiemay happen in case of isoforms (splice variants), but it
may also happen in case of close paralogs, where no unique peptides
could be detected that reflect the difference between the paralogs.
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Table 1. Candidate Reprogramming Factors Shared betweenOocytes and ESCells and Filtered by the GOCriteria Nucleus (CC),
Chromatin Modification (BP) and Catalytic Activity (MF)

factora

level in 8-cell stage
blastomeres

compared to oocytes53
level during iPS
cell formation21 function

Baz1b f n.d. Component of the WICH complex (WSTF-ISWI ATP-dependent chromatin-remodelling
complex). Regulates H2A.X DNA damage response via tyrosine kinase activity.72

Brcc3 f v Deubiquitylating enzyme targeted to γH2A.X-dependent K6- and K63-linked ubiquitin polymers
at double-strand breaks. Required for cell cycle checkpoint and repair responses to ionizing
radiation.73

Carm1 f n.d. Histone H3R17 methylase. Enhances transcriptional activation by nuclear receptors through
interactions with the coactivators p160 and CBP.74

Ccnb1 f v Cyclin B1 drives mitosis and meiosis, e.g. in mouse oocytes.75

Chd4 f n.d. Part of the nucleosome remodeling deacetylase (NuRD) complex.76 Involved in p53
deacetylation.77 Planarian (Schmidtea mediterranea) homologue is required for regeneration.78

Dnmt1 V v Maintenance cytosine methyltransferase for inheritance of methylation imprints.79 Somatic
isoform implicated in improper reprogramming after cloning.80

Dnmt3a V v De novo DNA methyltransferase required for the establishment of methylation imprints in
oocytes.81 Involved in methylation of Oct4 and Nanog promoters during cell differentiation.82

Eed f v Member of the Eed/Ezh2 Polycomb repressive complex 2, which is required for silencing of HOX
genes during embryonic development.83 and functions as a H3K27-specific methyltransferase84

and histone deacetylatase.85

Ep400 f n.d. Component of the Tip60-Ep400 histone acetyltransferase and nucleosome remodeling complex.
Regulates cell cycle progression and DNA damage-induced apoptosis.86 Tip60-Ep400 integrates
signals from Nanog and H3K4me3 to regulate ES cell identity.87

Hat1 f v Acetylates newly synthesized histone H4 in the cytoplasm.88 Recruited to DNA double-strand
breaks.89

Hdac1b v n.d. Histone deacetylase leading to transcriptional repression. Inhibition improves efficiency of cloning
by nuclear transfer90 and direct reprogramming.91

Hdac2 f v Histone deacetylase leading to transcriptional repression. Inhibition improves efficiency of cloning
by nuclear transfer90 and direct reprogramming91

Hdac6 f v Lysine deacetylation of R-tubulin and HSP90, ubiquitin-binding activity.92

Hells f v Member of SNF2 family, participates in SWI/SNF chromatin-remodeling complexes.93 Epigenetic
regulator of heterochromatin.94

Kdm1a (Aof2)c f v Demethylates mono- and dimethylated H3K4, a post-translational modification associated with gene
activation.95

Kdm6a (Utx)d V n.d. H3K27-specific demethylase that enables activation of genes involved in animal body patterning.96

Mll3 f n.d. H3K4-specific methyltransferase, required for H3K4 trimethylation, expression of p53 target
genes97 and regulation of Hox genes.98

Prmt1 v v Protein arginine methyltransferase in mammalian cells, functions as H4-specific histone
methyltransferase and regulates STAT1 signaling.99,100

Prmt5 v v Symmetrically dimethylates H3R8 and H4R3 for gene repression.101

Prmt7 V v Symmetrical dimethylation of H4R3,102 suggested role in male germline imprinted gene
methylation.103

Rnf2 f v Ubiquitylation of H2A linked to repression of transcriptional initiation.104

Rnf20 f n.d. E3 ubiquitin ligase; leads to H2B monoubiquitylation, higher levels of methylation at H3 lysines 4
and 79, and stimulation of HOX gene expression.105

Ruvbl1, Ruvbl2 v v Regulation of transcription, DNA damage response, snoRNP assembly, cellular transformation by
c-myc and β-catenin function, cancer, apoptosis, mitosis and development.106

Smarca4 v n.d. Member of the BAF chromatin remodeling complex, required for zygotic genome activation,60

regulates self-renewal in ES cells,107 and facilitates iPS cell formation.13

Smarca5e f n.d. Part of the nucleolar remodeling complex (NoRC), which regulates the epigenetic state of rRNA
genes.108 Null mutants die at the peri-implantation stage and no ES cells can be derived.109

Smarcal1 V v Involved in S-phase DNA damage response and replication fork stabilization.110

Usp16 f n.d. H2A deubiquitylating enzyme, involved in cell cycle progression gene expression111 and reversal of gene
silencing.112

aAdditional 45 proteins featuring GO terms nucleus, chromatin remodeling and catalytic activity were detected either in the oocyte proteome or in the
ES cell proteome but not in both. These proteins are: Kdm1b, Kdm2a, Kdm2b and Kdm6b in oocytes; Atm, Cenpv, Chd1, Chd7, Chd8, Chd9, Crebbp,
Dmap1, Dnmt3b, Ehmt2, Ep300, Eya3, Ezh2, Hdac3, Hltf, Jarid2, Jmjd1c, Jmjd6, Kdm3a, Kdm3b, Kdm5b, Kdm5c, Mta2, Myst1, Myst2, Myst4, Nsd1,
Pkn1, Prmt6, Rnf40, Setdb1, Sirt1, Smarca1, Suz12, Taf1, Tlk1, Tlk2, Trrap, Ube2b, Usp22 and Uty in ES cells. bTie with LOC100048437 at first
(peptide count) level in oocyte proteome. cTie with LOC100046934 at first (peptide count) level in oocyte proteome and in ES cell proteome. dTie with
Uty at first (peptide count) level in ES cell proteome. eTie with Vmn2r-ps14, Gm13034 at second level (mapping IPIfEntrez) in oocyte proteome and
in ES cell proteome.
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A tie may also happen if a protein (referred to by a specific IPI
identifier) ismapped tomore than one gene locus. The disadvantage
of arbitrarily selecting one of the hits is that for the subsequent Gene
Ontology analysis, wemayhave considered thewrong protein in case
of paralogs. However, since close paralogs usually have similar
function and feature a closely similar GO annotation, this disadvan-
tage is outweighed by the advantage of a more exhaustive GO
analysis. As theGO analysis of the oocyte and ES cell proteomes was
repeated with and without considering the ties, the analysis resulted
in the same top-20 categories (not shown). In the detailed analysis of
the reprogramming factors, all ties are explicitly noted (Table 1).

To identify potentially interesting gene sets, hypergeometric
testing was carried out for GSEA (Gene Set Enrichment Analysis).29

Testing was performed with a p value cutoff at 0.01 with Bonferroni
multiple testing correction. Gene Ontology Biological Process
(GO BP) over-representation was analyzed with the R package
GOstats version 2.16.030 which is part of the Bioconductor package.26

The proteome data sets of both oocytes and ES cells were compared
against the proteome reference set of all mouse ENTREZ identifiers
with existing IPI identifier (26463 proteins). The proteome reference
set was also used for the proteome shared between oocytes and ES
cells. Due to the high number of proteins in the lists being analyzed
for over-representation, it was necessary to consider GO categories
where the number of genes is sufficient for finding general trends, as
proposed by Hahne and colleagues.31 Therefore we considered only
GO categories with more than 30 genes.

’RESULTS

Depth, Coverage and Purity of Metaphase II Mouse Oocyte
Proteomics

In order to comparatively analyze the mouse oocyte pro-
teome, 1884metaphase II B6C3F1 oocytes (free of cumulus cells
and zona pellucida) and undifferentiated mouse ES cells (100 μg)
were lysed and the proteins were resolved by 1D-SDS-PAGE.
The two polyacrylamide gels of oocytes and ES cells were cut into
29 and 27 slices, respectively (Figure 1). Each slice was subjected
to trypsin digestion and analyzed by LC!MS using an LTQ
Orbitrap XL Velos mass spectrometer, processing the data in
MaxQuant andMascot Server software for protein identification.
We identified 3699 and 4723 protein groups (MaxQuant created
protein groups if the identified peptide set of one protein was
equal to or contained in another protein’s peptide set; see
Experimental Methods, Database Search and Bioinformatics)
in oocytes and ES cells, respectively, at a false discovery rate of 1%
and with at least one unique and one additional peptide per
protein. Mass errors of peptide identification show that identi-
fication was reliable (Supplementary Figure 1). The complete
lists of peptide and protein identifications of oocytes and ES cells
are available as Supporting Information (Supplementary Tables
1, 1b and 2, 2b). Corresponding mRNAs for 2842 of the 3699
protein groups were detected in the transcriptome of B6C3F1
metaphase II oocytes using an Agilent microarray. This data set
contains transcripts of 16 157 genes and is available as Support-
ing Information (Supplementary Table 3). For the remaining
857 protein groups no corresponding RNA was detected; of
these, 496 have a probe in the Agilent microarray, 236 do not
have a probe, and 125 have no ENTREZ identifier.

To assess the quality of the oocyte’s protein data set, we
checked it for the presence of oocyte-specific proteins reported in
the literature, as well as for the absence of cumulus cell-specific
proteins. Of 68 proteins reported in oocytes,18,19,32!38 46 were

detected in our proteome (Supplementary Table 4, Supporting
Information). The transcription factors Oct4, Sox2, c-Myc and
Klf4 were neither detected in our oocyte extracts nor in other
oocyte studies17,18 including the most recent one by Wang and
colleagues20 while we detected Oct4 and Sox2 in ES cell extracts
(Supplementary Table 2, Supporting Information). Proteins
considered specific for cumulus cells39 (Supplementary Table
5, Supporting Information) were mostly undetected, indicating
that oocyte processing for LC!MS was conducted properly.

Figure 2. Pie charts describing proteins detected in oocytes (top) and in
ES cells (bottom) and grouped according to the main GO biological
process categories they belong to (a detailed GO analysis for biological
process can be found in Supplementary Table 6, Supporting Information).

Figure 3. Venn representation of the overlap between oocyte proteome
and ES cell proteome (raw data can be found in Supplementary Tables 1
and 2, Supporting Information).
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However, a significant number of peptides belonging to the
cumulus cell protein Pentraxin 3 were identified. This finding
may be explained by a previously undetected expression of
Pentraxin 3 in mouse oocytes or by translocation from cumulus
cells via intercytoplasmic bridges.

Gene Ontology (GO) Analysis and Intersection of the Pro-
teomes of Metaphase II Mouse Oocytes and Undifferen-
tiated Mouse ES Cells

While the role of the four transcription factors Oct4, Sox2,
c-Myc and Klf4 in iPS cell reprogramming is well documented,

transcription factor-mediated reprogramming in iPS cells
takes weeks.2 By contrast, oocyte- as well as ES cell-mediated
reprogramming takes as few as two cell cycles,2 making it likely
that oocytes and ES cells share additional (and probably active)
reprogramming agents. Therefore we sought to compare the
proteomes of mouse oocytes and mouse ES cells in order to find
shared elements of their reprogramming feature. To this end, we
filtered the two sets of proteomic data by the same criteria (see
ExperimentalMethods, Database Search and Bioinformatics). As a
result, 3574 protein IDs were retained from the initial 3699
identified in oocytes (!3.4%), and 4588 protein IDs were retained

Figure 4. Confocal immunofluorescence images of Prmt7 and Ruvbl2 in mouse oocytes, embryonic cleavage stages, and ES cells. GV, germinal vesicle.
Original magnification: 40".

Figure 5. Streamline of the cycloheximide and cytochalasin B experiments.
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from 4723 identified in ES cells (!2.9%). We categorized the
proteins of the filtered data sets in a similar way as the PANTHER
classification system40 by assigning them to the main GO terms of
the biological process (BP) hierarchy (Figure 2). This overview
suggests that if differences exist between the reprogramming
machineries of mouse oocytes and ES cells, such differences may
not be extensive after all. On this basis we analyzed the intersection
of the oocyte and ES cell proteomes, exposing 2556 proteins that
were detected in both oocytes and undifferentiated ES cells
(Figure 3). This shared proteome was enriched for 197 GO BP
terms (Supplementary Table 6, 6D, Supporting Information)

GO Filtering of the Shared Proteomes of Metaphase II
Oocyte and Undifferentiated ES Cell Points to Candidate
Reprogramming Factors

We screened the shared 2556 proteins for putative reprogram-
ming factors.We considered that proteins with active reprogram-
ming ability should be localized in the nucleus, have chromatin as
substrate, and act catalytically, so they would not be consumed,
since the oocyte has been proposed to hold enough reprogram-
ming factors for up to 100 nuclei.41 Therefore we filtered the
shared proteins for the GO terms nucleus (cellular component),
chromatin modification (biological process) and catalytic activity
(molecular function). Of these 2556 proteins, 28 fulfill the
filtering criteria: Baz1b, Brcc3, Carm1, Ccnb1, Chd4, Dnmt1,
Dnmt3a, Eed, Ep400, Hat1, Hdac1, Hdac2, Hdac6, Hells, Kdm1a
(Lsd1), Kdm6a (Utx), Mll3, Prmt1, Prmt5, Prmt7, Rnf2, Rnf20,
Ruvbl1, Ruvbl2, Smarca4 (Brg1), Smarca5, Smarcal1, Usp16
(Table 1). Additional 45 proteins matching the three criteria
were detected either in the oocyte proteome or in the ES cell
proteome, but not in both (footnote to Table 1), therefore they
were not pursued further. Coding mRNAs for all but one (Hdac2)
of the 28 proteins were detected in our Agilent transcriptome
(Supplementary Table 3, Supporting Information). We compared
our list of 28 candidates with gene expression microarray of MEF
cells undergoing reprogramming to iPS cells,21 and found that 17
showed increasing levels (Table 1).

Searching the EMBL-EBI gene expression atlas42 (http://
www.ebi.ac.uk/gxa) we found that all of the 28 factors are
expressed (mRNA) not just in oocytes and undifferentiated ES
cells but also in a variety of other murine cells and tissues,
particularly in the brain. It should be noted that also the four
transcription factors Oct4, Sox2, c-Myc and Klf4, which induce
pluripotency in somatic cells, are expressed in a variety of tissues
including brain.43,44 Reprogramming factors are therefore char-
acteristic or even specific, but not exclusive for oocytes and ES
cells. Next we selected two of the 28 proteins in order to confirm
their actual presence and localization in mouse oocytes, early
embryos and ES cells by in situ immunofluorescence. Because
metaphase II oocytes lack a nuclear envelope, and therefore the

nuclear localization feature of the candidates would be blind to
our immunofluorescence assay, germinal vesicle (GV) stage
oocytes were analyzed in place of metaphase II oocytes. We
chose Ruvbl2 and Prmt7, which fall within the 30th percentile
of the set of 4523 genes upregulated during mouse iPS cell
formation,21 and rank 10th and 12th, respectively, among our
28 factors; in an independent data set of genes upregulated
during mouse iPS cell formation, they rank even higher (Keisuke
Kaji, personal communication). The peptide sequences andMS/
MS spectra of Ruvbl2, Prmt7 and also of Smarca4 are available as
Supporting Information (Supplementary Figure 2, Supplemen-
tary Table 7). Immunofluorescence demonstrates that Ruvbl2
and Prmt7 are indeed present in GV oocytes, early embryos and
ES cells but not in the fibroblasts used as feeders for ES cells,
however they were not always exclusively localized in the nucleus
(Figure 4). In particular, Ruvbl2 was detected either inside or
outside of the nucleus at the GV and pronuclear (1-cell) stage.

Metaphase II Oocyte Proteome may not be Sufficient for
Reprogramming

Although the 3699 oocyte proteins detected in this study
expand substantially the catalog of proteins of mouse oocytes, it
only accounts for a fraction of the oocyte transcriptome. Some of
the oocyte proteins were not detected due to technical limita-
tions associated with small sample amounts of oocytes, sample
preparation (e.g., separation of the complex peptide mixture
obtained from a whole cell extract), and insufficient sensitivity of
LC!MS/MS measurements. However, as many mRNAs of the
oocyte have been reported to indeed be translationally silent at
the metaphase II stage,45 failed detection of protein products of
manymRNAsmay be a genuine result. Certain maternal mRNAs
are stockpiled in the ooplasm and are allocated for later transla-
tion during embryo cleavage.46

To explore if additional factors translated from maternal
mRNAs upon oocyte activation are important for reprogram-
ming, we designed an experiment in which the mRNA appear-
ance of a key pluripotency-associated factor was tested in
the absence of translation. Nucleus-transplanted oocytes were
activated (i.e., chemically induced to enter the cell cycle; see
Experimental Methods) and then treated with cycloheximide
(CHX), an inhibitor of eukaryotic peptidyl-transferase, which is
necessary for translation of mRNA into protein (Figure 5).
Reprogramming was assessed by quantifying the mRNA level
of the Nanog gene, whose product is essential for pluripotency
while being absent in metaphase II oocytes.

Treatment with CHX from the time of SCNT until the
chronological blastocyst stage, when the pluripotency marker
gene Nanog is expressed in untreated embryos, allowed for at
least partial reprogramming as shown by pronuclear formation,
but the pluripotency geneNanogwas not induced asmeasured by

Table 2. Raw Quantitative RT-PCR Results of the Cycloheximide (CHX) Experiments Provided as Ct Valuesa

untreated Ct CHX from 1-cell Ct CHX from 2-cell Ct

SCNT embryos

Nanog 29.2 38.3 38.6

Combined reference (Gapdh and β-Actin) 25.9 30.0 34.8

F embryos

Nanog 26.6 39.8 37.9

Combined reference (Gapdh and β-Actin) 23.0 29.2 35.3
aCt, threshold cycle in which the real-time PCR signal rises above the background; SCNT, somatic cell nuclear transfer; F, fertilized. All samples
contained 10 embryos.
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qRT-PCR (Table 2). Control fertilized embryos showed the
same behavior as cloned embryos after treatment with CHX.
Unlike the CHX treatment, administration of cytochalasin
B (CYB; an inhibitor of actin polymerization and thereby
cytokinesis) to 1-cell embryos until the chronological blastocyst
stage allowed Nanog gene expression in both types of embryos,
as measured by fluorescent Nanog-GFP; these CYB-treated
embryos were arrested at the 1-cell stage and multinucleated
because their cell cycle progressed in the nucleus while the
cytoplasm could not divide. Our data indicate that Nanog gene
induction was prevented in both cloned and fertilized embryos
by the inhibition of mRNA translation.

’DISCUSSION

Despite clear hints of the presence of active reprogramming
factors in the oocyte, no definitive candidates have been found so
far. Among proteins, transcription factors are currently consid-
ered the prime candidates.47,48 Transcription factors have the
ability to simultaneously interact with specific DNA sequences as
well as with a defined set of proteins, thus guiding other proteins
to these chromatin regions to exert their activities, a view that also
found support in the recent study of Koche et al. who found that
early reprogramming events largely depend on areas of pre-
existing, accessible chromatin.49 Access to the substrate may
therefore also be facilitated in particular phases of the cell cycle,
such as the S-phase, owing to the open chromatin. However, we
postulate that the mere presence of guiding factors and favorable
conditions cannot account for the swift pace and unparalleled
extent of reprogramming afforded by the oocyte. Indeed, Tani
and colleagues, for example, showed that the reprogramming
ability of bovine oocytes correlated with the presence of phos-
phorylated translationally controlled tumor protein 1 (Tpt1), a
protein involved in the regulation of spindle function and
anaphase progression during the cell cycle but lacking transcrip-
tional function.50,51 In line with the emerging role of nontran-
scription factor proteins in nuclear reprogramming, Singhal and
colleagues showed that two enzymes, Smarca4 and Smarcc1,
could account for the ability of certain ES cell protein fractions to
enhance reprogramming in iPS derivation.13

Driven by the assumption that proteins featuring nuclear
localization, chromatin remodeling and catalytic activity are
among the main functional and active promoters of oocyte-
mediated nuclear reprogramming, we resolved the proteome of
metaphase II B6C3F1mouse oocytes to an unprecedented depth
of 3699 proteins. While there are oocytic proteins still undetected,
our data set extends the catalogued mouse oocyte proteome from
185!2973 (refs 17!20) to 3699 proteins. Compared to other
proteomic studies, our study has detected many proteins that were
previously undetected, such as Nlrp5/Mater (not detected in refs
17,18) and Smarca4/Brg1, Zar1, Dppa3/Stella, Ctcf, Pms2 (not
detected in ref 19), while the four iPS factors Oct4, Sox2, c-Myc and
Klf4 remained undetected in our as well as in previous studies (refs
17!20). Notably, in our study 496 oocyte proteins were found that
lacked corresponding mRNA in the transcriptome although the
probes were present in the Agilent microarray.

There are several possible reasons why certain oocyte factors
remain undetected even at a depth of 3699 proteins. Even though
extremely high, the sensitivity of LC!MS/MS does not ensure
detection of proteins of very low relative abundance. In ES cell
lysates prepared according to the same protocol we could identify
Sox2 andOct4 with 4 and 11 different peptides, respectively. This

indicates that these proteins are of higher relative abundance in ES
cells than in oocytes, a fact that is easily explained by the higher
nucleus/cytoplasm ratio of ES cells compared to oocytes. More-
over, a plethora of known and unknown post-translational mod-
ifications, such as phosphorylation and ubiquitylation, shift the
molecularweight of a protein and its peptide fragments, and prevent
their assignment. Additionally, inconsistencies of the genetic anno-
tations may account for a certain number of false negatives.

Since oocytes and ES cells share the ability to swiftly repro-
gram a somatic nucleus to pluripotency after somatic cell nuclear
transfer (SCNT) or cell fusion, respectively, we compared the
two proteomes for differences and similarities. GO analysis for
biological process reveals that the ES cell proteome features more
transcription-related terms compared to the oocyte proteome
(Supplementary Table 6, Supporting Information), although this
finding may be biased in part by the very different nucleo-
cytoplasmic ratios of oocytes and mouse ES cells. Pending a
quantitative validation, our analysis is thus concordant with
independent reports that GO terms associated with transcription
are under-represented in themouse oocyte proteome18 and over-
represented in the ES cell transcriptome.52 While acknowledging
these possible differences, we are more interested in the common
features of oocyte- and ES cell-mediated reprogramming, be-
cause both cell types feature rapid reprogramming as opposed to
the slow course of direct reprogramming enacted by the tran-
scription factors Oct4, Sox2, c-Myc and Klf4 in iPS cells. The
intersection of the oocyte and ES cell proteomes showed an
overlap of 2556 proteins, which accounts for the majority of the
proteins detected and is consistent with the similar distributions
of the two protein sets along main GO biological process
categories (Figures 2 and 3). This intersection exceeds by 1
order of magnitude the previously reported overlap of 25617 and
37118 proteins, and is almost as big as the whole oocyte proteome
of Wang and colleagues.20 Among the 2556 proteins that are
shared by oocytes and ES cells, 28 feature the GO terms nucleus
(cellular component), catalytic activity (molecular function), and
chromatin modification (biological process) (see Table 1). The
mRNA levels of 17 of the 28 factors (Brcc3, Ccnb1, Dnmt1,
Dnmt3a, Eed, Hat1, Hdac2, Hdac6, Hells, Kdm1a, Prmt1, Prmt5,
Prmt7, Rnf2, Ruvbl1, Ruvbl2, Smarcal1) were upregulated during
the conversion of mouse fibroblasts to iPS cells.21 In particular,
mRNA levels of 4 of the 17 factors (Prmt1, Prmt5, Ruvbl1,
Ruvbl2) were upregulated also during embryo cleavage as mea-
sured by microarray or RNA seq. analysis at the 8-cell stage53 or
4-cell stage,70 respectively. Comparison of our 28 candidate factors
with the ES cell factors that were identified to be overrepresented
as proteins in a reprogramming-competent nuclear fraction of ES
cells versus MEFs by Singhal and colleagues13 identified only
6 overlaps, namely Ccnb1, Chd4, Hdac1, Mll3, Kdm6a and
Smarca4. Transcript levels of Hdac1 and Smarca4 peak around
the 8-cell stage while Ccnb1, Chd4, Mll3 and Kdm6a show an
expression peak at the 1-cell stage.53 These 10 factors (Ccnb1,
Chd4, Hdac1, Mll3, Kdm6a, Prmt1, Prmt5, Ruvbl1, Ruvbl2,
Smarca4), whose increased abundance is common to early
embryos, iPS cells and the reprogrammingcompetent fraction of
ES cells, are of particular interest as reprogramming is thought to
predominantly take place within the first cell cycles after SCNT.

Among the 28 factors, we verified the presence of Prmt7 and
Ruvbl2 protein in mouse oocytes, early embryos and undiffer-
entiated ES cells. Prmt7 is a protein arginine methyltransferase
that catalyzes monomethylation and symmetric dimethylation of
arginine depending on substrate concentration.54 Ruvbl2 is an

CHAPTER 2 PROTEOMIC ANALYSIS OF MOUSE OOCYTES REVEALS 28
CANDIDATE FACTORS OF THE ”REPROGRAMMOME”



2149 dx.doi.org/10.1021/pr100706k |J. Proteome Res. 2011, 10, 2140–2153

Journal of Proteome Research ARTICLE

ATP-dependent DNA helicase, which is linked to DNA damage
repair as well as the control of transcription.55 Interestingly,
overexpression of Ruvbl2 leads to increased cell proliferation in
early Xenopus development,56 whereas Ruvbl2 and Pontin52 act
in an antagonistic manner in β-catenin signaling.57 Immuno-
fluorescence confirmed that Prmt7 and Ruvbl2 were indeed
present in mouse GV oocytes, early embryos and undifferen-
tiated ES cells, although they were not always exclusively nuclear;
sometimes the signal was higher in the cytoplasm than in the
nucleus (Figure 4). In fact, the GO annotation nucleus is not
exclusive—it does not imply that the factor is present solely in
the nucleus. We note that mRNAs encoding proteins potentially
associated with reprogramming, that is, Prmt7 and Ruvbl2, were
not found exclusively in oocytes, embryos and ES cells, but also in
several tissues of the adult animal.58 In fact, transcripts of the
reprogramming transcription factors Oct4, c-Myc, Klf444 and Sox243

can also be found in unsuspected locations. This suggests that the
function of the individual factors is not limited to reprogramming
and that only a very specific combination of factors reprograms to
pluripotency in the context of the oocyte.

Our list of 28 proteins includes well-established pluripotency-
associated factors, such as the chromatin remodeling ATPase
Smarca4 (Brg1). Depletion of Brg1 has been shown to inhibit the
reprogramming capacity in Xenopus egg extracts59 and to arrest
development at the 2-cell stage in mice,60 while its overexpres-
sion is associated with extended reprogramming activity.59 Our
microarray and proteomics data again identified Brg1mRNA and
protein in metaphase oocytes and our GO filtering criteria put
the factor into the shortlist of putative reprogramming factors,
thereby confirming the validity of the approach. In contrast, the
transcription factors Oct4, Sox2, c-Myc and Klf4 were not detected,
neither in our oocyte extracts nor in other oocyte studies,17,18

including the most recent one by Wang and colleagues,20 while
Oct4 and Sox2 were detected in ES cell extracts. However, these
transcription factors also would not fulfill two of the three stringent
postulated search criteria for reprogramming factors, since they lack
catalytic activity and chromatinmodification function. Transcription
factors, albeit present in the extracts only at low concentrations, are
nevertheless not generally precluded from being detected in our
LC!MS/MS approach, since the transcription factor Sall4 was
detected, among others, in our oocyte extracts as both mRNA and
protein. Sall4 is required for early embryonic development, is an
integral part of the transcriptional network in ES cells and can
enhance somatic cell reprogramming after fusion.61,62 While tran-
scription factors may well be underrepresented in oocyte proteomic
studies to date simply due to the fact that these proteins are not
present at sufficiently high enough relative concentrations in
oocytes, it is worth noting that also immunoblot-based studies have
led to contrasting results on the expression of Oct4 in oocytes;
specifically, Liu and Keefe did not detect Oct4 in mouse oocytes,63

whereas Palmieri and colleagues reported its presence.64 We
detected Oct4 in metaphase II mouse oocytes by immunoblotting
(data not shown) and most recently also in pronuclei by immuno-
fluorescence.65WhilewedetectedOct4 inES cells byLC!MS/MS,
in oocytes the Oct4 protein may also carry a unique set of post-
translational modification that hinder the reliable assignment of its
peptide fragments.

Recently Egli and colleagues reported that not only metaphase
II oocytes but also fertilized oocytes (zygotes) in M-phase can
reprogram somatic nuclei.66 Therefore we considered that the
relevant factors may be present in the metaphase II oocyte only
as mRNAs that are translated upon oocyte maturation or

activation.50,67,68 To test the hypothesis that reprogrammingmay
require translation of specific maternal mRNAs, SCNT-derived
mouse embryos were treated with the protein synthesis inhibitor
cycloheximide (CHX) continuously from the 1- or 2-cell stage,
followed by qRT-PCR analysis of gene expression at the chron-
ological blastocyst stage. Bhutani and colleagues showed that
reprogramming in heterokaryons between human fibroblasts and
mouse ES cells takes place in the absence of cell division or DNA
replication, as measured by expression of humanOct4 andNanog
genes.69 We chose Nanog as a reprogramming marker because
this gene is expressed in pluripotent ES cells but not in somatic
cells, and because Nanog mRNA and protein are absent in mature
oocytes used as recipients for SCNT (unlike the products ofOct4,
Sox2 and Klf4 (ref 70). After CHX treatment, Nanog mRNA was
not detected (Ct > 35). On the contrary, SCNT-derived mouse
embryos expressed Nanog-GFP when continuously exposed to
cytochalasin B (CYB), which prevents cytokinesis but not cell
cycling.71 As expected, embryos treated with cytochalasin B
contained multinucleated cytoplasms, indicating that cytokinesis
but not cell cycling was inhibited. However, fertilized control
embryos showed the same behavior as the cloned embryos upon
treatment with CHX and CYB. While the failed activation of
Nanog in fertilized oocytes suggests that our experimental treat-
ment was not specific for the study of reprogramming, it may also
indicate that metaphase II and fertilized oocytes share that part of
the reprogramming machinery that is sensitive to CHX.

In summary, with the deepest mouse oocyte proteome to date
and 28 candidate reprogramming factors, 17 of which showing
upregulated transcript levels during mouse iPS cell formation,21

we provide a basis to further explore and understand the
mechanisms of active reprogramming achieved by the oocyte
for the benefit of all reprogramming platforms. Future studies
aimed at further characterizing the oocyte’s reprogramming ma-
chinery will have to include the pronuclear stage, in which not only
the reprogramming activities are segregated in the pronucleus but
also the oocyte set of proteins has changed due to degradation and
de novo translation in the context of an active cell cycle. The study
of Wang et al.20 is a step in the right direction, although we would
prefer the parthenote to the zygote, so as to not introduce paternal
factors in our study.We propose that at least some of the identified
28 factors could confer speed, effectiveness and specificity on the
processes that take place during transcription factor-induced
reprogramming, which otherwise relies on the window of oppor-
tunity offered by the cell cycle and on endogenous components
that may be present in insufficient amounts or not at all in a given
cell type. To test our proposal, wewill have to see if oocytes can still
support cloned embryo development when candidate maternal
proteins have been depleted prior to SCNT (loss of function) or if
iPS cells can be induced at higher rates when the oocyte proteins
are coexpressed in precursor somatic cells along with the four
factors Oct4, Sox2, c-Myc and Klf4 (gain of function).
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Summary

How oocytes age in vivo is a fundamental question that lies at the interface of oocyte biology
and aging research. We asked how mouse oocyte proteins change over the course of maternal
aging as compared to mRNAs, and whether these molecular portraits show the characteristic
signature of somatic aging. On the qualitative level, gene ontology semantic analysis reveals
high similarity of the proteome (2325 proteins) to the transcriptome (22334 mRNAs). Proteome
and transcriptome changes are poorly correlated with each other and feature gene ontology
terms of ’Biological Process’ that do not relate in any simple way to the signature of somatic
aging. While stable overall, at least up to a maternal age of 58 weeks, the proteome features,
in spite of conserved mRNA levels, few maternal age-dependent alterations, as confirmed by
immunofluorescence of the cohesin cofactor STAG1 and the maternal-e↵ect factor ZAR1. In
accord with these data, we show that oocyte function does not deteriorate with maternal aging,
as measured by blastocyst formation after parthenogenesis, fertilization and somatic nuclear
reprogramming. These results have two paradigm shifting implications for oocyte biology: 1)
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transcriptome studies are no surrogate for the direct analysis of the proteome, as there is almost
no correlation of changes; and 2) as long as oocytes can be recruited i.e., selected for ovulation,
their quality is largely preserved, which is in harmony with the evolutionary theory of aging
arising from a failure of adaptation or a decline in natural selection.

Introduction

One of the properties that makes the oocyte one of the most unique cells of the body is its ability
to express developmental totipotency after ovulation and fertilization. In addition, the oocyte
is among the longest living mammalian cells. The molecular foundations of these properties
are wired in a gene expression cascade that confers the ooplasm with regulated amounts of
RNAs and proteins that result from the expression of genes. Transcript abundance is often
used to estimate protein abundance. Yet, in fact, advances in ’omics’ research are showing
that intermediate steps of the gene expression cascade, as well as post-translational protein
modification and degradation, can a↵ect levels of functionally available protein independent of
transcription [Vogel and Marcotte, 2012].

The transcriptome of in vivo aging oocytes, unlike their proteome, has been analyzed before.
Several studies, based on 2-fold quantitative thresholds, found 0.9%, 2.8% and 4.3% of the genes
di↵erently expressed between oocytes of young (approx. 5-9 week old) and old (approx. 42-66
week old) mice [Esteves et al., 2011, Hamatani et al., 2004, Pan et al., 2008]. We wondered,
though, how much transcriptomes can explain the aging phenotype traits of oocytes. A well-
known trait is the maternal-age-related increase of aneuploidy (reviewed in [Jessberger, 2012]),
which is a major cause of miscarriage in mammals and whose etiology is unclear: the cause
could lie in the oocyte or in the somatic compartment (ovary, endometrium). The proteome
is an accessible ’missing link’ between transcriptome and phenotype, and we reasoned that an
analysis of the oocyte proteome could shed more light on oocyte aging in vivo.

Compared to a wealth of information available for the somatic compartment, little is known
about the processes that take place in oocytes during maternal aging from puberty to end of
the reproductive phase (climacterium). In particular, it is not clear if oocyte aging presents
the features that are characteristic of somatic aging. According to Feltes and colleagues, genes
involved in somatic aging feature an overrepresentation of gene ontology (GO) terms related
to (i) immune system/inflammatory response; (ii) regulation of transcription/development; and
(iii) aerobic respiration/glycolysis [Feltes et al., 2011]. Broadly, these terms reflect the inflam-
maging hypothesis [Dall’Olio et al., 2012, Franceschi et al., 2007], the hyperfunction hypothesis
[Blagosklonny, 2010, Gems and Partridge, 2013], and the DNA/mitochondrial damage hypothesis
[Kirkwood and Kowald, 2012, Trifunovic and Larsson, 2008].

In this study we asked if oocyte proteomes are representative of the transcriptomes, how
the abundance of specific genes’ mRNA and protein responds to maternal aging, and if oocyte
aging presents the features characteristic of somatic aging. To address these questions on the
proteomic level, label-based methods such as SILAC (stable isotope labeling of amino acids
in cell culture; [Geiger et al., 2011]) are the methods of choice, because label-free methods
have a high demand for oocytes [Wang et al., 2010] that cannot be satisfied in aged donors,
which ovulate few, if any, oocytes. Hence we performed a SILAC screen of mouse metaphase
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II (MII) oocytes superovulated at 3, 8±1 and 58±10 weeks of maternal age, which correspond
to pre-puberty, mature age and climacterium, respectively. We used F9 embryonic carcinoma
(EC) cells as labeled reference for the oocytes because they can easily be cultured feeder-free,
have stem cell properties and should harbor the majority of all oocyte proteins (although with
di↵erent relative abundances). Practically, F9 cells allow for e�cient metabolic labeling of the
SILAC reference in vitro, overcoming the di�culty of directly labeling oocytes in vivo. Thus,
the proteins coexpressed in oocytes and F9 cells are quantifiable in the present study. The
SILAC screen was conducted in parallel with conventional microarray analysis to compare the
concordance of protein and transcript levels in these oocytes. We analyze our data in relation
to an evolutionary theory whereby aging arises from a failure of adaptation or a decline in
natural selection, not from the accumulation of degenerative traits: as long as oocytes can be
recruited i.e., selected for ovulation, their quality is largely preserved. Indeed our data supports
this notion. We observed overall stability of the proteome of MII oocytes ovulated from mice
of increasing age; and the developmental rates of these oocytes show that the quality of the
ooplasm is, if anything, improved over time.

Results

A SILAC screen of the proteome of MII mouse oocytes during maternal aging

Seven hundred zona-denuded MII oocytes were lysed for each of the three age groups (3 weeks,
prepubertal; 8±1 weeks, mature age; 58±10 weeks, climacteric). We chose this number based on
a step-down series of pilot measurements in which we determined that the 1864 oocytes previ-
ously used [Pfei↵er et al., 2011] could be reduced to 700, but not further, without compromising
detection of certain oocyte-specific factors e.g., OCT4 and ZAR1. While 15 and 24 females
were su�cient in the prepubertal and mature age groups, respectively, 140 mice were required
in the climacteric group to obtain 700 oocytes. Given limited amounts of material in the cli-
macteric group, we adopted a ’spike-in’ quantitative method for proteome analysis, coupled to
high-resolution liquid chromatography combined with mass spectrometry (LC-MS/MS).

As material for the ’spike’ we used F9 cells labeled isotopically with heavy Lysine and Argi-
nine. To determine how well suited F9 cells are for the quantification of oocyte proteins, we
compared the proteome of F9 cells with the proteome of the entire B6C3F1 ovary for pres-
ence/absence of proteins. F9 cells cover most (64.5%) of the 3689 proteins we detected in the
ovary. Notably, 993 additional proteins were detected in F9 cells but not in the ovary, such as
the germline-specific transcription factor OCT4 and the maternal-e↵ect factor ZAR1. Oocyte
lysates were mixed 1:1 to lysates of F9 cells that had been labeled e�ciently (97.8%; Suppl. Fig.
1A) and as such served as internal ’spike-in’ standard. Using a linear ion-trap-orbitrap hybrid
mass spectrometer (LTQ Orbitrap), we unambiguously detected 2654, 2639 and 2617 protein
groups in prepubertal, mature and climacteric MII oocytes, respectively (identification with 2
peptides, of which 1 is unique). In this setting, each identified protein group is defined by an
F9 / oocyte ratio (heavy / light ratio). Accuracy and reproducibility of our SILAC approach
were validated with appropriate controls based on the ’ratio of ratios’ statistical method (see
’Supplementary experimental procedures’).

The identified protein groups were mapped to ENTREZ identifiers with an existing MGI
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symbol resulting in 2775 gene identities for the prepubertal age group, 2761 for the mature and
2735 for the climacteric. Of these mapped identities, 2325 were common to the three groups. The
raw protein data associated with the three age groups are available at ProteomeCommons.org
(see link in ’Experimental Procedures’). A summary of all identified proteins and all detected
peptides with their mass accuracies is provided in Suppl. Tables 1-3. Representative protein
spectra are shown in Suppl. Fig. 2.

For mRNA analysis, 20 oocytes were collected in biological triplicates for each age group.
Transcriptome analysis was accomplished using the Agilent microarray platform. A total of
22334 gene identities were detected in the transcriptomes of prepubertal, mature and climacteric
oocytes. The raw microarray data associated with this manuscript are available at GEO (see
link in ’Experimental Procedures’). We compared and contrasted the 2325 gene identities of the
proteome with the results of the microarray (next section).

Transcriptome-proteome semantic similarity in spite of orphan proteins

The detected oocyte proteome shared by the three age groups (2325 proteins) is small compared
to the detected transcriptome (22334 mRNAs), whereby our proteomic dataset is certainly
incomplete. We therefore considered the possibility that the detected proteome may not be
representative of the transcriptome, and that only some of the missing proteins may feature
a genuine lack of gene/protein expression. Gene ontology (GO) analysis showed that the two
sets of data have similar qualitative features if genes are annotated by main GO Biological
Process terms (Fig. 1). To quantify the degree of similarity, we sampled 1000 random sets
from the transcriptome, of the same size as the proteome, and calculated the GO semantic
similarity score between the proteome and the transcriptome, and between the random sets and
the transcriptome using the GOSemSim package [Yu et al., 2010]. Our analysis shows a GO
similarity score of 0.899 between proteome and transcriptome. This score is within the interval
defined by the lower and upper quartiles (0.894 and 0.901, respectively) of the distribution of the
similarity scores between the random sets and the transcriptome. Thus, our proteomic dataset
is certainly incomplete but its LC-MS/MS sampling bias is, if anything, small.

Of the 2325 gene identities of the proteome, 104 gene identities could not be retained because
a corresponding probe was missing on the microarray (Suppl. Table 4); another 119 gene iden-
tities were discarded because their mRNA expression was, despite preamplification processing,
below background level in all replicates in spite of their probes being present on the microarray
(Suppl. Table 5), leading to a total of 2102 matched quantitative data points between proteome
and transcriptome. The 119 orphan proteins feature an enrichment in the GO terms of the Bi-
ological Process ’cell cycle’ (hypergeometric p-value, p = 9.69e-4), see also Fig. 1C. Therefore,
some of the non-detected proteins feature a lack of detection, while others feature a genuine lack
of gene expression. Unless otherwise stated, further analyses will not cover the orphan proteins
but will be conducted in the proteome-transcriptome intersection of 2102 gene identities.
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Quantitative changes of proteome vs. transcriptome correlate poorly with
each other, and do not relate to somatic aging

Within the proteome-transcriptome intersection, we asked whether maternal aging causes reg-
ulated changes in the proteome of oocytes as compared to their transcriptome. We considered
that the analytical methods of LC-MS/MS and microarray may have di↵erent dynamic ranges;
we therefore calculated their correlation using a statistical method that is independent of the
absolute amount of change but considers whether change occurs in the same direction (e.g.
increase), or not. The Kendall ⌧ coe�cient of correlation measures the similarity of the pro-
teome and transcriptome protein/gene orderings when ranked by their respective changes of
abundance, regardless of any threshold. The Kendall ⌧ coe�cient of correlation of the oocyte
proteome to the transcriptome is low (⌧ = 0.0249, p = 0.0867 for prepubertal to mature age
transition; ⌧ = 0.0056, p = 0.7010 for mature age to climacteric transition), which indicates a
lack of dependency between the two levels of gene expression (mRNA and protein).

Lack of correlation on the global gene level does not necessarily imply lack of concordant
functional enrichment within subsets of genes. Therefore we took our GO analysis further by
analyzing the 2102 gene identities, based on the statistical distribution of quantitative change.
We used again a method of analysis independent of whether change crosses an arbitrary thresh-
old, such that the conclusions of the GO analysis are valid irrespective of any specific threshold
that we may set (such as 2-fold). In particular we used the ’elimination algorithm’ to suppress
unspecific GO terms. Our overrepresentation analysis in GO BP terms confirms that abundance
variation in the proteome is largely unrelated to variation in the transcriptome. Furthermore,
the overrepresented terms of one age transition do not match with those of the other age transi-
tion. Both observations are visualized in Fig. 2 (the larger and the more significant the extent of
variation, the more the color shift to dark gray). Results without using this filter are concordant
with all aspects of the analysis about to be presented (Suppl. Fig. 3). Significant GO terms
that stand out are related to blood pressure, cell adhesion and migration, and spermatogenesis.
These terms appear to be either very general ones or spurious chance findings, which do not
relate in any simple way to the biological processes characteristic of somatic aging, such as (i)
immune system/inflammatory response; (ii) regulation of transcription/development, and (iii)
aerobic respiration/glycolysis [Feltes et al., 2011].

Few proteins make an exception to the overall proteome stability seen in
oocytes during maternal aging

The global GO analysis of proteome and transcriptome with ’elimination algorithm’ is indepen-
dent of quantitative thresholds, however, specific comparisons of protein and mRNA abundances
warrant the use of thresholds. We adopted housekeeping gene products as internal reference to
define such threshold. Housekeeping genes encode mRNAs and proteins that are usually es-
sential for the maintenance of cellular function. Their expression is often, albeit not always,
constant under most experimental conditions. We relied on a panel of 12 housekeeeping genes
(Actb, B2m, Gapdh, Gusb, Hsp90ab1, Ldha, Pgk1, Ppih, Sdha, Tbp, Tfrc, Ubc) whose probes
are spotted on the QIAGEN Mouse Housekeeping Genes PCR Array. Of these 12 genes, 6 were
present simultaneously in our 2102 set of mRNAs and proteins (genes Hprt, Hsp90ab1, Nono,
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Ppia, Rpl13a, Tfrc; Fig. 3A,A’). Combined together, the protein abundances of these 6 gene
products varied with a standard deviation of 20.7% and at most within 37.1% of the combined
average. Thus, we adopted the conventional 100%, i.e., 2-fold, change as the threshold to record
quantitative change in the expression of the genes/proteins of interest.

Based on 2-fold thresholds, 177 proteins varied significantly in the prepubertal to mature
age transition, and 178 proteins varied significantly in the mature to climacteric transition. The
union across the two age transitions adds to 269 proteins (Fig. 4A). Within this subset of the
2102 gene identities, the Kendall ⌧ coe�cient of correlation of the oocyte proteome to the tran-
scriptome is confirmed low (⌧  0.0596, p � 0.2391). The mRNA levels were largely conserved,
with only 26 mRNAs undergoing change �2-fold (Fig. 4B). The intersection of the 269 proteins
with the 26 mRNAs gives 3 gene identities (Cpox, Tcn2, Tmsb4x) for which change of product
abundance is recorded as significant (�2-fold) in both mRNA and protein. Because Cpox, Tcn2,
Tmsb4x have no apparent relation to oocyte aging, we inspected the set of 269 proteins by a
candidate gene approach to achieve a more detailed analysis of genes putatively a�liated with
aging. We chose members of the structural maintenance of chromosomes (SMC; [Revenkova
et al., 2010]) and of the oocyte-to-embryo transition (maternal-e↵ect proteins controlling em-
bryonic genome activation, EGA; [Li et al., 2010]).

The SMC complex holds the sister chromatids together and is comprised of two core members
- SMC1A and SMC3 - which are common to mitotic and meiotic cohesins. Given the dose-
dependent e↵ect of another member of the cohesin family, REC8, on oocyte ploidy [Revenkova
et al., 2010], we considered that the dosage of SMC1A and SMC3 may also be important for
euploidy. SMC1A and SMC3 were detected in oocytes of all three age groups (Fig. 3B-B’).
Although SMC3 presents a stable age profile and SMC1A falls short of crossing the 2-fold
threshold, the SMC cofactor STAG1, a.k.a. SCC3, decreases in excess of 2-fold in climacteric
oocytes. We have confirmed the STAG1 profile in situ - directly in MII oocytes of the three
age groups - using confocal immunofluorescence and comparing the measured intensities (Fig.
5; prepubertal vs. mature age, p < 0.0001; climacteric vs. mature age, p < 0.0001; Dunnett’s
test).

Of the 27 maternal-e↵ect proteins which are known to date [Li et al., 2010], 17 were detected
in oocytes of all three age groups (Fig. 3C-C’). Among them are MATER (NLRP5), the maternal
antigen that embryos require, as well as multiple factors of the ’reprogrammome’ (Suppl. Fig.
4). MATER is typical of the maternal e↵ect factors [Tong et al., 2000] and is detected together
with the three other members of the subcortical maternal complex (SCMC), namely: OOEP
(FLOPED), KHDC3 (FILIA) and TLE6 [Li et al., 2010]. Our SILAC analysis does not reveal
substantial change of abundance for the SCMC’s four factors (Fig. 3C-C’). By contrast, the
SILAC profiles of two other maternal-e↵ect factors are noteworthy. Zygotic-arrest factor ZAR1
is included in the family of maternal-e↵ect factors [Li et al., 2010], which also includes the
germline and pluripotency factor OCT4 (POU5F1). By SILAC analysis, ZAR1 abundance
declines in oocytes of climacteric females. As with STAG1, the SILAC profile of ZAR1 was
verified in situ using confocal immunofluorescence and comparing the measured intensities (Fig.
5; Dunnett’s test for ZAR1 prepubertal vs. mature age, p = 0.6108; climacteric vs. mature age,
p = 0.0043). By SILAC analysis, OCT4 abundance increases slightly in oocytes of climacteric
females. However, immunofluorescence analysis reveals a small yet significant decline in OCT4
levels (Dunnett’s test, p  0.0218; Fig. 5).
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Developmental correlates of oocyte transcriptome-proteome stability during
maternal aging

Oocyte aging on the molecular level is a multifactorial process, but its consequences on the
functional level can be tested using a variety of developmental stimuli, namely: intracytoplasmic
sperm injection (ICSI), somatic cell nuclear transfer (SCNT), and parthenogenesis (P). It may
be noted that oocytes subjected to P express their intrinsic developmental potential irrespective
of any external contribution (e.g. of the father). SCNT eliminates the confounding factors of
maternal meiotic aneuploidy and gender of the embryo, as the oocyte spindle is removed prior
to SCNT and the nucleus donor cells are all karyotypic female in our experimental setting.

The oocytes of aging mice used in this study presented an increase of developmental rates
to blastocyst irrespective of the developmental stimulus, in spite of a drastic reduction in the
numbers of oocytes ovulated (Fig. 6A). After ICSI, blastocyst rates by age group were 19%,
45% and 72% (Fig. 6C). The maternal age-dependent increase in developmental rates also
was observed in ’enucleated’ oocytes used as recipients for SCNT (9%, 39% and 49%) (Fig.
6C). When the oocyte chromosomes were replaced with a cumulus cell nucleus of an Oct4-GFP
transgenic donor, so as to see the expression level of the Oct4 promoter through GFP, higher
GFP intensity was observed in derivative cloned morulae obtained from the oocytes of older
mothers (Fig. 6B). In the case of intact oocytes used for P, blastocyst rates were 33%, 69%
and 78% at 3, 8±1 and 58±10 weeks of maternal age, respectively (Fig. 6C). Within the ICSI,
SCNT and P groups, the blastocyst rates are significantly di↵erent across maternal ages (Fig.
6C).

Cell numbers are broadly considered as an indicator of blastocyst quality. The total cell
numbers of ICSI blastocysts increased with maternal age (36.7±13.6 cells, n=32 at 3 weeks;
45.8±15.7 cells, n=33 at 8±1 weeks; 55.8±14.2 cells, n=16 at 58±10 weeks; ANOVA, p = 0.0001,
multiple comparison using t-test, all p-values below threshold 0.05). In summary, we have shown
that oocyte ability to support preimplantation development does not deteriorate during maternal
aging, as measured by blastocyst formation and blastocyst cell numbers.

Disscusion

Although gene expression is one of the most fundamental processes in biology, it has never
been quantified from mRNA to protein in oocytes during maternal aging. Yet, proteins are an
important key to understanding cell phenotypes, considering that a cell’s median copy number
for a protein is 16000 compared to 17 for a mRNA [Schwanhäusser et al., 2011]. The SILAC-
detected proteome of MII mouse oocytes is representative of the transcriptome, as measured
by GO semantic analysis, although it accounts for a minority of the transcriptome in terms of
number of gene identities. While proteins have been missed, it is noteworthy that 119 proteins
were detected in this study without having corresponding mRNA hybridization signal (although
the matching probe is present in the Agilent microarray). Transcriptome studies of oocytes
would be blind to the products of these 119 genes.

Overall, protein and transcript variation correlate poorly with each other, as measured by
the Kendall coe�cient ⌧ . To examine specific gene identities, we analyzed the SILAC data
in relation to the abundance of housekeeping genes, which we used as internal reference since
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even technical replicates may di↵er from each other when analyzed by SILAC [Walther and
Mann, 2011]. The reason for the mRNA-protein discrepancy may be a trivial one that lies in
the di↵erent dynamic range of the microarray and LC-MS/MS methods; or it may be intrinsic
to the nature of the gene expression cascade, in which regulation at the level of mRNA may
serve as a ’switch’, but translational regulation may function more like a ’rheostat’ such that
one molecule of mRNA can be translated multiple times thereby amplifying small di↵erences in
transcript adundance [Vogel and Marcotte, 2012]. Except for 3 genes (Cpox, Tcn2, Tmsb4x )
the changes of protein and mRNA abundance are minimally concordant (Kendall ⌧).

GO analysis of the proteome and transcriptome variations by the ’elimination algorithm’
reveals that the BP terms overrepresented by the genes changing in oocytes during the two age
transitions do not relate in any simple way to the processes that play a role in somatic aging,
such as (i) immune system/inflammatory response; (ii) regulation of transcription/development;
and (iii) aerobic respiration/glycolysis [Feltes et al., 2011]. A search of the Aging Gene Database
(http://genomics.senescence.info; [Tacutu et al., 2013]) for genes represented in our pro-
teome lends further support for the di↵erent (or negligible) type of aging undergone by oocytes
as compared to somatic cells. As of February 2013 our search reveals that of 93 genes described
and annotated as influencing longevity in mice, 23 are found in our proteome (ARHGAP1,
BAX, BUB1B, BUB3, CAT, FXN, HELLS, HNRNPD, LMNA, MCM2, MSH2, PRDX1, RAE1,
SIRT1, SLC25A4, SOD2, STUB1, TPP2, TRP53BP1, TXN1, XRCC5, XRCC6, ZMPSTE24).
Except for BAX, TRP53BP1 and TXN1, the genes are classified as pro-longevity genes.

While GO analysis does not reveal any obvious similarity to the GO BP terms characteristic
of somatic aging, it should be noted that the number of GO BP terms significantly enriched is
small. Moreover, unless they are very general (such as ’regulation of developmental growth’),
GO BP terms are unusual for oocytes (e.g. ’regulation of blood pressure’, ’spermatogenesis’).
We consider that the latter GO BP terms may be chance findings. A likely explanation is that
the GO terms we find are due to genes that are fulfilling a role in many cellular processes, or
in very general processes (so that they also happen to be annotated by specific but in our case
irrelevant terms). Thus, our failure to find meaningful GO annotations is an indication that
there is nothing to find: we suggest that the oocyte proteome is basically stable during aging.

The fact that the measured oocyte proteome is stable overall, at least up to 58 weeks, does not
mean that all proteins are resistant to change. Using a �2-fold change threshold to decide when
to record change as significant, we classified 269 proteins (of 2102) as undergoing quantitative
change of abundance during maternal aging. Of the 23 gene products found in the intersection
of our proteme dataset with the Aging Gene Database, only the pro-longevity genes ARHGAP1
and CAT showed �2-fold change of protein abundance in the age transition from mature to
climacteric age, whereas none of them showed �2-fold change in mRNA. HELLS, another hit
in our search of the Aging Gene Database, is also a member factor of the ’reprogrammome’, a
set of oocyte proteins proposed to actively participate in the reprogramming of somatic nuclei
transplanted into oocytes [Pfei↵er et al., 2011]. Of the 28 factors of the ’reprogrammome’, 18
were detected as protein in oocytes of all three age groups (BAZ1B, CARM1, CHD4, DNMT1,
DNMT3A, EED, HAT1, HDAC1, HDAC2, HDAC6, HELLS, KDM1A, PRMT1, PRMT5, RU-
VBL1, RUVBL2, SMARCA4, SMARCA5). Among these, only CARM1 and HDAC1 show �2-
fold change of abundance in the age transition from mature to climacteric. The increase of these
two genes may well be functionally relevant to the increased developmental rates of embryos
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originating from aged oocytes. CARM1 is an established regulatory part of the pluripotency
circuitry and relevant to early embryo development [Torres-Padilla et al., 2007]. The role of
HDAC1, however, is bipartite. On the one hand increased histone acetylation levels have been
shown to be a property of aged oocytes [Akiyama et al., 2006] and knockdown of Hdac1 in
normal mouse embryos leads to a marked decrease in development to the blastocyst stage [Ma
and Schultz, 2008], rendering an increased HDAC1 level a putative countermeasure to main-
tain oocyte quality with aging. On the other hand, HDAC inhibitors have proven beneficial
for embryo development after SCNT [Kishigami et al., 2006], arguing against advantageous ef-
fects of increased HDAC1 on preimplantation rates. It must be noted that HDAC1 is especially
important during oocyte maturation and that Hdac inhibitors act on a variety of deacetylases.
Therefore, it is possible that increased levels of HDAC1 have a positive e↵ect on oocyte qual-
ity especially in aged females. Overall, the ’reprogrammome’ appears stable in oocytes during
maternal aging.

Because the concept of the ’reprogrammome’ is still in its infancy, we inspected the pro-
teome of oocytes for those established functions that make oocytes special among cells, namely
meiosis and preparation for embryonic genome activation; accordingly we examined the protein
members of the families ’structural maintenance of chromosomes’ (SMC) and ’maternal-e↵ect’.
Typical of the SMC members are cohesins that hold sister chromatids together until anaphase of
the second meiotic division. The precise rates of cohesin loss and aneuploidies, and their timing,
are some of the most intriguing questions in oocyte biology [Revenkova et al., 2010], because a
significant cause of maternal age-associated oocyte aneuploidy in mammals may lie in deterio-
rating chromosome cohesion that occurs during the extended prophase I arrest [Chiang et al.,
2012, Jessberger, 2012]. Our SILAC results do not reveal a marked change in the abundance
of the core cohesin factors SMC1A and SMC3, rather of the cofactor STAG1 (confirmed in situ
by immonoconfocal microscopy). Interestingly, Lister and colleagues made a similar observation
about the cohesin protector protein SGO2, which progressively vanished with increasing age
[Lister et al., 2010]. These observations from others and us provide a molecular rationale for the
well-known increase of meiotic aneuploidy which a↵ects embryo development during maternal
aging in mammals.

Typical of the maternal-e↵ect proteins are members of the subcortical maternal complex
(SCMC) complex, which includes MATER (NLRP5), FLOPED (OOEP), FILIA (KHDC3) and
TLE6 [Li et al., 2010]. All four were detected by our SILAC analysis. Another prominent mem-
ber of the maternal-e↵ect factors is ZAR1 [Wu et al., 2003]. Homozygous Zar1 null oocytes fail
to support the oocyte-to-embryo transition. Our SILAC analysis revealed that ZAR1 underwent
a strong maternal age-dependent decline of abundance in oocytes, confirmed by immunofluores-
cence in MII oocytes. In spite of the observation that ZAR1 abundance in oocytes decreases
with maternal aging, the developmental rates of these oocytes increase. However, ZAR1 is just
one protein whose abundance drops in oocytes of climacteric females; an increase in abundance
of other proteins (e.g. the paralog ZAR2) may compensate for the partial loss of ZAR1. Fur-
thermore, while the phenotype of certain genes may vary proportionally with the dosage of gene
product (e.g. cohesin dosage e↵ect on aneuploidy), ZAR1 may require total lack of product to
show penetrance [Wu et al., 2003]. In addition to ZAR1, OCT4 is included in the family of the
maternal-e↵ect factors [Li et al., 2010]. Our SILAC analysis, confirmed in situ by immonoconfo-
cal microscopy, shows that OCT4 abundance in oocytes varies within a very small range during
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maternal aging, compared to STAG1 and ZAR1.
To ascertain whether the molecular portrait described so far has an e↵ect on oocyte function,

we triggered the prepubertal, mature age and climacteric oocytes into development using three
independent stimuli. Our developmental results show that, regardless of the stimulus, oocytes
ovulated by older mice are more supportive of preimplantation development, based on both
blastocyst rates and embryo cell numbers. Using donor nuclei carrying the Oct4-GFP transgene,
we show that SCNT morulae derived from old oocytes have higher GFP intensity than younger
counterparts; since the chromosomal spindle was removed prior to SCNT, the quality of the
ooplasm accounts for this observation. The GFP measurement during development should
not be confused with the native amount of OCT4 present at MII, which is considered stable
based on 2-fold threshold of the SILAC data analysis. The fact that blastocyst rates and total
cell numbers increase with maternal aging irrespective of the developmental stimulus (with
or without maternal chromosomes left in situ) and that SCNT embryos express more Oct4-
promoter-driven GFP when derived from oocytes of older donors suggests that, while nuclear
e.g. cohesin function may deteriorate during maternal aging, the quality of the ooplasm is, if
anything, improved over time. For this reason we propose that climacteric oocytes could serve
as recipients for SCNT in place of younger oocytes that are less prone to aneuploidy and hence
better suited for reproduction.

Our results show that the bulk of the oocyte proteome escapes maternal aging, with few but
notable exceptions, and that certain proteins are orphan of their coding mRNAs. Our results
are in harmony with the evolutionary theory that aging arises from a failure of adaptation or
a decline in natural selection, not from the accumulation of detrimental traits [Hamilton, 1966,
Rose et al., 2007]. As the recruitment of oocytes for ovulation is a process of ovarian selection,
aging of oocytes is counteracted as long as selection is maintained on them through their natural
or hormone-induced recruitment. This way, species have been sustained by unbroken, essentially
immortal, cell lineages (germ lines) that are hundreds of millions of years old.

Experimental procedures

Mice

B6C3F1 mice (C57Bl/6J · C3H/HeN) aged 3, 8±1 and 58±10 weeks (prepubertal, mature,
climacteric) were reared, housed, fed ad libitum on Teklad 2020SX diet and primed for super-
ovulation as described [Esteves et al., 2011], see ’Supplementary experimental procedures’.

Oocyte collection

For germinal vesicle (GV) oocytes, mice were injected i.p. with 10 IU PMSG and sacrificed by
cervical dislocation 48 h thereafter, in order to puncture the surface of the ovaries and free the
content of the antral follicles. For MII oocytes, mice were injected with 10 IU PMSG and 10 IU
hCG i.p. 48 hours apart, and sacrificed by cervical dislocation 14 h after hCG injection. MII
oocytes were retrieved from the oviductal ampullae, and freed of cumulus cells.
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Isotopic labeling

F9 embryonal carcinoma (EC) cells, which were used as internal ’spike-in’ standard for the quan-
titative proteome comparisons, were grown for several passages in RPMI 1640 medium (PAA,
Cölbe, Germany), supplemented with 10% dialyzed fetal calf serum (Sigma, Deisenhofen, Ger-
many), heavy amino acids 13C15

6 N2�L�Lysine (K8) and 13C15
6 N4�L�Arginine (R10; Silantes,

Martinsried, Germany) as well as Glutamine and the antibiotics penicillin and streptomycin
(Gibco, Darmstadt, Germany). For the labeling e�ciency of F9 EC cells, see ’Supplementary
experimental procedures’).

Proteomics

The zona-free oocytes were lysed in SDS lysis bu↵er (4% SDS, 100 mM Tris/HCl pH 7.5, 0.1 M
DTT, total volume 70 µL), as described [Pfei↵er et al., 2011]. To quantify age-related proteome
changes in mouse oocytes, we used the ’spike-in’ SILAC technology combined with high accuracy
MS [Geiger et al., 2011]. This method employs an independently prepared internal or ’spike-in’
standard (in our case the F9 embyonal carcinoma cells, heavy) against which the test proteome
(the oocyte, light) is measured after mixing them in a 1:1 ratio. All of the mixtures were
processed using the filter-aided sample preparation (FASP) method [Wisniewski et al., 2009b],
with subsequent fractionation of the resulting peptide mixtures by strong anion exchange (SAX)
chromatography on microcolumns [Wisniewski et al., 2009a].

The peptide fractions obtained from the combined FASP-SAX procedure were then analyzed
by LC MS/MS on a LTQ Orbitrap Velos mass spectrometer (Thermo Scientific), as described
[Pfei↵er et al., 2011] (see ’Supplementary experimental procedures’). Protein groups were iden-
tified with a false discovery rate (FDR), set to 1% for all peptide and protein identifications,
when there were at least two matching peptides, at least one of which was unique to the protein
group. The protein data are available at ProteomeCommons.org under the following hash:
fAQTppoRnrjJm22ti03eiGVF+2WkQRUPUqnqr5TT2V8P+yzSMMfbzRPlIjpCReLc5yabfA11
jq0RqGGTCHD5KKxW16YAAAAAAAAyxA==
(the password to access the data is: OoCyTeF9SILAC).

Transcriptomics

Microarray data of the MII oocytes were obtained using the Agilent platform as described
[Pfei↵er et al., 2011], and deposited at:
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?token=ttgzzeoaqyuwuvs&acc=GSE42959.

Bioinformatic and statistical data analysis

In the proteome data provided by the MaxQuant mass spectrometer data analysis software,
proteins are placed in one group if the identified peptide set of one protein is equal to, or
contained in, a second protein’s peptide set. Then, the proteins with the highest peptide count
in a group are able to explain the occurrence of these peptides by themselves, and we removed
all other entries, as before [Pfei↵er et al., 2011]. The IPI (updated to release 3.87) identifiers
of the remaining proteins were mapped to ENTREZ identifiers with an existing MGI symbol.
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For 96.22% of the protein groups, we obtained a single ENTREZ identifier to which we assigned
the logarithm (to base 2) of the heavy/light ratio calculated by MaxQuant. For the analysis
of ties see ’Supplementary experimental procedures’. Given 2775 identified proteins for the
prepubertal, 2761 for the mature and 2735 for the climacteric group, we subjected the 2325
proteins that occur in all three age groups to further analysis, using a ’ratio of ratios’ describing
the ’age-transition-based expression change’ from prepubertal to mature, and from mature to
climacteric, using mature as the point of reference. Specifically, we divided the F9/oocyte ratio
of the mature age group by the F9/oocyte ratio of the prepubertal or climacteric age group.

The microarray raw data were imported into the R environment [R Core Team, 2013].
We quantile-normalized the data and filtered out probe sets of low signal level, using the
Agi4x44Preprocess Bioconductor package (Bioconductor; [Gentleman et al., 2004]) with de-
fault parameters. Expression values of probe sets mapping to the same gene were averaged,
yielding 22334 unique entities. The transcriptome (22334)-proteome (2325) intersection of 2102
genes was taken for subsequent study. Correlation of mRNA and protein abundance values was
calculated by Kendall rank (non-parametric) ⌧ correlation coe�cients, using JMP software.

Considering both transcriptome and proteome, and both age transitions, four gene lists
ranked by the expression values were subjected to GO Biological Process (BP) overrepresentation
analysis. Following [Ackermann and Strimmer, 2009], we applied a cuto↵-free protocol to each
gene list. We applied the rank square transformation, treating positive and negative expression
changes the same way. For all gene sets that correspond to GO BP terms, we then calculated
the Mann-Whitney U test statistics, investigating whether genes in these gene sets rank higher
in the transformed ranking than the genes not in the gene set. Then, for every GO BP term, we
drew 1000 random sets of the same size from all genes. Again using the transformed ranking,
we calculated the Mann-Whitney U test statistics for the random sets, thus obtaining p-values
describing significance of GO term enrichment. In processing the ontology terms, we also applied
an algorithm that returns more specific GO BP terms by considering the dependencies between
them [Alexa et al., 2006] and we refer to this algorithm as the ’elimination algorithm’. GO term
heatmaps were finally generated with a p-value cuto↵ of 0.01, and a gray gradient corresponding
to the p-value, from light gray (light overrepresentation, high p-value) to dark gray (marked
overrepresentation, low p-value), using white as default (no overrepresentation).

Confocal microscopy immunofluorescence of oocytes

The immunofluorescence and imaging protocol was described before [Schwarzer et al., 2012]. Pri-
mary antibodies were anti-STAG1 (sc-54466), anti-OCT4 (sc-8628) and anti-ZAR1 (sc-55994).
Appropriate Alexa Fluor-tagged secondary antibodies were matched to the primaries. The fluo-
rescence signals were quantified for intensity using Image J, and the series of values of each age
group were compared with the mature age group using Dunnett’s test.

Embryo production

Embryos were produced by intracytoplasmic sperm injection (ICSI), somatic cell nuclear transfer
(SCNT), or parthenogenetic activation (P) of MII oocytes, and cultured in ↵MEM medium, as
described [Esteves et al., 2011]. Developmental rates were scored at the blastocyst stage 96
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hours. Nucleus donor cells for ICSI (sperm) and SCNT (cumulus cells) were wild-type B6C3F1
except in a subset of SCNT experiments (Oct4-GFP; [Cavaleri et al., 2008]).
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Figure Legends

Figure 1. Transcriptome-proteome semantic similarity in spite of orphan pro-
teins

GO BP term representation in the proteome-transcriptome intersection (A), in the full tran-
scriptome (B) and in the orphan proteome (C) of MII mouse oocytes. The detected proteome
is representative of the transcriptome.
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Figure 2. Quantitative changes of proteome vs. transcriptome correlate poorly
with each other, and do not relate to somatic aging

Overrepresentation heatmap of GO BP terms in the two age transitions, considering both pro-
teome and transcriptome, based on the elimination algorithm. Color code: light to dark gray is
high to low p value, that is, increasing significance.

Figure 3. Profiles of specific gene identities in B6C3F1 oocytes during mater-
nal aging

(A-C) mRNA and (A’-C’) protein abundances of (A, A’) housekeeping gene products, (B,
B’) structural maintenance of chromosome components, (C, C’) maternal-e↵ect factors. Abun-
dances are expressed in log(2) relative to mature age.

Figure 4. Few proteins make an exception to overall proteome stability in
oocytes during maternal aging

Abundance variation (�2-fold) in 269 proteins (A) and in 26 mRNAs (B) of the proteome-
transcriptome intersection.

Figure 5. SILAC abundance of select oocyte proteins is validated in situ by
immunofluorescence

A-C. Immunofluorescence for STAG1, OCT4 and ZAR1 on GV and MII stage oocytes, with
DNA counterstaining. A’-C’. Results of the quantification of the immunofluorescence signal in
MII oocytes, performed with Image-J software. Significance was tested by ANOVA, pairwise
comparison was made with the Dunnett’s test taking the mature age as reference.

Figure 6. Developmental correlates of oocyte transcriptome-proteome stabil-
ity during maternal aging.

(A) Numbers of oocytes ovulated in prepubertal, mature and climacteric mice. (B) Bright
field and fluorescent images of morulae after SCNT from OG2F1 cumulus cells (transgenic
for Oct4-GFP); size bar, 50 µm. Significance in (A) and (B) was tested by ANOVA, pairwise
comparison was made with the Dunnett’s test taking the mature age as reference. (C) Blastocyst
rates observed after fertilization (ICSI), parthenogenesis (P) and cloning (SCNT) given as sum
of replicate experiments. Significance across the three ages taken together was tested by chi-
square using the raw numbers; prepubertal and climacteric age were compared individually with
mature age using Fisher’s exact test.

Figures
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METHODOLOGY Open Access

CellFateScout – a bioinformatics tool for
elucidating small molecule signaling pathways
that drive cells in a specific direction
Marcin Siatkowski1,2, Volkmar Liebscher3 and Georg Fuellen1*

Abstract

Background: Small molecule effects can be represented by active signaling pathways within functional networks.
Identifying these can help to design new strategies to utilize known small molecules, e.g. to trigger specific cellular
transformations or to reposition known drugs.

Results: We developed CellFateScout that uses the method of Latent Variables to turn differential high-throughput
expression data and a functional network into a list of active signaling pathways. Applying it to Connectivity Map
data, i.e., differential expression data describing small molecule effects, we then generated a Human Small Molecule
Mechanisms Database. Finally, using a list of active signaling pathways as query, a similarity search can identify small
molecules from the database that may trigger these pathways. We validated our approach systematically, using
expression data of small molecule perturbations, yielding better predictions than popular bioinformatics tools.

Conclusions: CellFateScout can be used to select small molecules for their desired effects. The CellFateScout Cytoscape
plugin, a tutorial and the Human Small Molecule Mechanisms Database are available at https://sourceforge.net/projects/
cellfatescout/ under LGPLv2 license.

Keywords: Small molecules, Drug repositioning, Cell transformation, Induction of pluripotency, Cell fate, Bioinformatics
tool, Pathway database

Lay abstract
Searching for chemical substances (often called small
molecules) that trigger a desired effect in cells is frequently
done in the laboratories of pharma and biotech companies.
Computational work enables a speed-up of this search,
based on three ingredients: (1) high-throughput data
describing the desired effect of turning cells of type A
into cells of type B, e.g. by measuring gene or protein
amounts in diseased cells and in healthy cells, (2) high-
throughput data measuring how such amounts change
in cells if small molecules are applied, and (3) know-
ledge about possibly relevant cellular signaling pathways.
Our procedure contributes towards the improvement of
methods for finding small molecules that may turn, e.g.,
diseased cells into healthy cells, based on such data. The

suggested small molecules can then be directly tested with
a higher chance of success.

Background
Over the last decades, drug discovery and development
was the focus of many studies. Although advances were
made, traditional drug development is still time-consuming,
risky and costly [1]. An alternative drug discovery strategy,
called repositioning, is to explore known drugs for new
applications [2]. Often, repositioning is done using mech-
anistic knowledge of the targets and the pathways affected
by the drug (small molecule), or by comparing cellular or
clinical phenotypes. These approaches can be improved
by computational analyses. They can aid in generating,
evaluating and prioritizing data for many small mole-
cules, targets, pathways and phenotypes simultaneously
[3]. Thus, there is a rising interest in bioinformatics tools
elucidating new areas of application for known small mol-
ecules, which modify, in one way or another, the state of
cells, organs and organisms. Further, the repositioning

* Correspondence: fuellen@uni-rostock.de
1Institute for Biostatistics and Informatics in Medicine and Ageing Research,
University of Rostock, Ernst Heydemann Strasse 8, D-18057 Rostock, Germany
Full list of author information is available at the end of the article

© 2013 Siatkowski et al.; licensee BioMed Central Ltd. This is an open access article distributed under the terms of the Creative
Commons Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Siatkowski et al. Cell Communication and Signaling 2013, 11:85
http://www.biosignaling.com/content/11/1/85

CHAPTER 4 CELLFATESCOUT - A BIOINFORMATICS TOOL FOR
ELUCIDATING SMALL MOLECULE SIGNALING PATHWAYS THAT DRIVE

CELLS IN A SPECIFIC DIRECTION



paradigm reaches far beyond drug treatment. Many
bioinformatics-based tools for repositioning can equally
well be used to find small molecules that trigger desired
cell (de-)differentiation or transdifferentiation events, such
as the induction of pluripotency, endodermal or neural
fate [4,5]. Data from this application area of repositioning
will be used to demonstrate and validate our work, motiv-
ating the name of the tool we developed.
Various network-based methods have been developed

for identifying gene expression signatures, i.e., sets of
genes combined with a pattern of their expression that
is typical for some cellular state. These methods have
been applied e.g. to the prediction of response to drug
treatment [6]. Bioinformatics network analysis of high-
throughput data sets offers an opportunity for data inte-
gration considering biological complexity and multilevel
connectivity [7], on the network, subnetwork, pathway
or single gene/protein interaction level. Some of these
network-based methods have been released as bioinfor-
matics tools. A pioneer method that searches for so-called
active subnetworks through a permutation-based algorithm
is presented in [8]. It combines differential expression based
p-values with a given network and is implemented by the
jActiveModules Cytoscape plugin. This tool is dependent
on a method that provides p-values for the change in gene
expression, e.g. a t-test. It scores subnetworks by comparing
two (or more) conditions, e.g. case and control. The score
of a subnetwork is calculated by aggregating the z-scores
of the individual genes based on the p-values; random
resampling is used to estimate whether the subnetwork
score is higher than expected by chance. To find the
highest-scoring subnetwork in a full network, jActive-
Modules uses a heuristic approach based on simulated
annealing. jActiveModules utilizes the network struc-
ture to find a connected set of genes, however it is not
taking into account whether the considered network re-
gion is highly connected. Also, it does not consider the
directionality of links. While jActiveModules is perform-
ing subnetwork evaluation based on calculating genewise
p-values, another network based bioinformatics tool,
KeyPathwayMiner, requires the explicit selection of sig-
nificantly differentially expressed genes. Based on this
information, KeyPathwayMiner finds highly connected
subnetworks where most genes are expressed in most sam-
ples [9]. This bioinformatics tool, just as jActiveModules,
depends on another method, which classifies genes as
significantly differentially expressed. Like jActiveModules,
KeyPathwayMiner is also able to compare two or more
conditions. The method considers the connectivity in a
network, assuming that active regions consist of differ-
entially expressed genes that are highly connected. How-
ever, link directionality is not considered either. According
to [9], KeyPathwayMiner outcompeted CUSP [10],
GiGA [11], jActiveModules and a standard t-test. Another

bioinformatics tool that is employed for unveiling network
activity is ExprEssence [12]. Here, the authors developed a
method inspired by the law of mass action that highlights
interactions (links) for which the two connected genes/
proteins feature a large amount of coordinated change.
This method takes link directionality into account; every
link can be specified as an inhibition, stimulation or inter-
action between two genes. ExprEssence is focused on find-
ing single links connecting genes with coordinated change
of expression, thus, an entire subnetwork is highlighted
only as appropriate, that is, only if all links show high ex-
pression change. ExprEssence does not consider issues of
statistical significance; it just returns a list of links, sorted
by a score reflecting differential change. All mentioned
tools, jActiveModules, KeyPathwayMiner and ExprEssence,
are based on easy to interpret models that are computa-
tionally fast. Users of these approaches usually assume that
the signaling between proteins is reflected by gene expres-
sion change.
In this study, we developed a network-based bioinfor-

matics tool and Cytoscape plugin called CellFateScout
that explores an expression signature in a network con-
text and then suggests the repositioning of small mole-
cules to emulate the given signature. The workflow of
our study is illustrated in Figure 1. In our approach, a
signature is defined by a set of pathways in the form of
linear chains, representing a set of active signaling path-
ways in the network. For finding such a signature, we
utilize the flexibility of the Latent Variable Model frame-
work [13,14]. This flexibility allowed the authors of [15]
to use latent variables for biological network analysis in
a different context. We demonstrate that the Latent
Variable Model approach is able to predict small mol-
ecule effects in terms of expression signatures better
than other bioinformatics tools. We employ genome-wide
expression profiles of cells treated with small molecules
from the Connectivity Map [16]. We use CellFateScout to
find the active signaling pathways based on the expression
signatures of these small molecules, and store them in the
Human Small Molecule Mechanisms Database (SMMD).
Having a tool that can reveal active signaling pathways
from a high throughput expression experiment, we can
finally identify small molecules from the SMMD that
may emulate the signaling mechanisms underlying that
experiment.

Results and discussion
In this study, we introduce a bioinformatics tool called
CellFateScout that is implemented as a Cytoscape plugin.
Using the method of Latent Variables [13,14], our tool
reveals active signaling pathways based on differential
expression data from two conditions, interpreted in the
context of a functional network.
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Validation of CellFateScout
We performed a validation of our method against four
other bioinformatics tools answering the question: how
far away from the known targets of the small molecules
are the active pathways we find? In [14], the perform-
ance of the Latent Variable Model is illustrated by a set
of simulation studies and an analysis of gene expression
data for environmental stress response in yeast. Here,
we perform a detailed and systematic analysis of their
approach as implemented by our plugin, including a
comparison of CellFateScout with other available and
well-known bioinformatics tools, representing distinct
methods for elucidating pathway information from
expression data. From the tools mentioned in the
introduction, we compare to jActiveModules, KeyPathway-
Miner and ExprEssence. Often, changes in expression
levels on a genome-wide scale are still assessed on an in-
dividual basis, essentially resulting in long lists of genes
that are found to have significant change, and sometimes
the simplest approaches (as well as random guessing of
results) may outperform complicated approaches. There-
fore, we also compare to the limma [17] package from
Bioconductor [18], simply selecting the most differentially
expressed genes as pathway elements activated by a small
molecule. CellFateScout and the other tools were sub-
jected to the same validation protocol and the resulting
p-values were computed in the same manner. This allowed
a systematic and comprehensive comparison of all tools.
The workflow of our validation is illustrated in Figure 1A.
The selection of small molecules, corresponding gene ex-
pression data and functional networks as well as the defin-
ition of target neighborhoods and of the distance between
the known targets and the gene sets found by a bioinfor-
matics method are described in ‘Methods’.
Based on our validation protocol, we obtained p-values

describing the closeness of the known targets of selected
small molecules to the active subnetworks/pathways
estimated by bioinformatics. For better visualization, we
turned the p-values into histogram bar heights, where large
height corresponds to small p-values (indicating closeness).
The resulting histograms are shown in Figures 2 and 3
for the mouse and in Figures 4 and 5 for the human
validation data. (Details of the validation data can be found
in Additional file 1 for mouse and in Additional file 2
for human). We notice in Figures 2 and 4, which are
based on the STRING functional network [19], that
CellFateScout obtains the best score in 8 out of 11 cases
for mouse and 6 out of 10 cases for human, respectively.
However, employing iRefIndex [20] to construct the
functional networks, we cannot find differences in re-
sult quality for any of the bioinformatics tools. Here,
CellFateScout and ExprEssence are shown to be equally
good, but only better to KeyPathwayMiner and jActive-
Modules by one or two cases. Also, randomization-based

p-values do not show a significant difference for any
tool in more than half of the cases, indicating a lower
detection rate for small molecule effects in iRefIndex
networks, as compared to STRING networks.
To study further the impact of the choice of the

network construction source in our validation, we com-
pared p-values for both sources and both species. Since
samples are dependent and only the network construction
methodology is varying, we used a one-sided paired t-test.
For mouse, the mean of the differences of the p-values
is −0.1938 between STRING and iRefIndex, and based
on a one-sided paired t-test this difference is signifi-
cantly smaller than 0 with p-value = 0.002. Thus, using
STRING we observe an improvement of results; the
active subnetworks/pathways are closer to the targets,
and this is supported by smaller p-values. Based on the
validation weighting function (see Methods), targets and
genes directly connected to these targets obtain high
weights and have a pivotal impact on the weighted mean
distance. We noticed that on average, incoming links to
these pivotal genes comprise 15.14% of all links in a
STRING network, but only 8.56% in an iRefIndex net-
work. In other words, given a more interconnected
neighborhood close to the small molecule targets in
STRING networks, more differentially expressed genes
are connected to each other. Thus, in case of STRING,
bioinformatics tools are able to report more links (being
part of subnetworks or pathways) that connect genes in
a neighborhood close to a small molecule target. For
human, the mean of the differences of the p-values
is -0.05209, which is not significantly smaller than 0
(one-side paired t-test, p-value = 0.187). Our findings
confirm that in the context of our studies, STRING
enables superior results than iRefIndex.
In summary, we find that CellFateScout together with

STRING has the most success to discover pathways that
are close to a small molecule’s known targets. Second best
tool is ExprEssence, which is better than KeyPathwayMiner
and jActiveModules by one or two cases. Our validation
cannot confirm results from [9], where KeyPathwayMiner
outcompeted jActiveModules. Limma, the gene-wise
approach for identifying differentially expressed genes,
has a best score in only one case study. This indicates
that genes exhibiting highest change in expression do
not have to be close to the targets of the small molecule
under consideration. We also noticed that KeyPathway-
Miner in 11 out of 20 cases in mouse and 9 out of 19
cases in human returns as output large subnetworks
comprising of more than 20% of the genes from the an-
alyzed network (see Additional file 1). Even when the
output includes targets or genes close to targets, this
indicates high recall at the expense of low precision,
which can hamper clear and straightforward interpret-
ation. In summary, our systematic validation suggests
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Figure 1 (See legend on next page.)
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that CellFateScout is highly useful for active signaling
pathway identification.

Small molecule mechanisms database
Using CellFateScout together with expression data taken
from the Connectivity Map project, small molecule targets
from STITCH and functional networks from STRING,
we performed a systematic search for active pathways
triggered by small molecules and stored them in a Small
Molecule Mechanisms Database as illustrated in Figure 1B.
In turn, as shown in Figure 1C, this database can be

queried, given a list of active signaling pathways derived
from differential gene expression data, returning a set of
small molecules that may trigger the same active path-
ways. A detailed description of the input, the output,
the usage of our tool and of our methodology can be
found in ‘Methods’.
More specifically, we developed a Small Molecule Mech-

anisms Database (SMMD) comprising 818 small molecule
records (see below) associated with the mechanisms
triggered by them. These mechanisms, presented as ac-
tive signaling pathways, can, e.g., be used for scouting
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Figure 2 CellFateScout validation using mouse data and STRING networks. The histograms of -log10 transformed p-values are shown for 11
small molecules of Table 1, for 5 different bioinformatics tools. p-values indicate how much better the pathways calculated by the various tools
perform in terms of their proximity to the known small molecule targets, compared to randomly generated pathways of same size. Higher histogram
bars indicate superior performance, i.e., the pathways found by the bioinformatics tool are closer to the known targets.

(See figure on previous page.)
Figure 1 CellFateScout study workflow. A) Validation pipeline. For each small molecule considered, we collected publicly available differential
gene expression data describing its effect, information about its targets in STITCH, and a functional network. Using CellFateScout and other
bioinformatics tools, we predicted the signaling pathways that it activates and evaluated how much closer these are to its known targets in the
network, compared to randomly generated pathways. B) We combined gene expression data taken from the Connectivity Map project,
information about small molecules targets from STITCH and functional networks from STRING to perform a systematic search with CellFateScout
for active pathways triggered by small molecules and stored them in the Small Molecule Mechanisms Database. C) As input for active signaling
pathway discovery, a functional network and a differential expression data set featuring two conditions A and B are needed. The discovered
active pathways are shown in a Cytoscape network view and used to query the Small Molecule Mechanisms Database for matching signaling
pathways triggered by small molecules. The resulting small molecules are then listed in a result table and we can highlight edges and nodes that
are shared between the active pathways found by CellFateScout and the active pathways triggered by small molecules.
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cell fate by small molecules that have specific desired
effects as found by our plugin. Right now the database
features only human mechanisms, however this can be
extended to other species.
To construct the SMMD, we used the Connectivity

Map (CMap, [16]) database, a collection of microarrays,
where drug effects in human cells are measured in a
large-scale, systematic way, focusing on expression pro-
files of the response of cell lines to 1309 small mole-
cules. Specifically, the small molecules were investigated
in various doses in 4 different cell lines (breast epithelial
adenocarcinoma MCF7, prostate adenocarcinoma epithe-
lial PC3, nonepithelial promyelocytic leukemia HL60 and
malignant melanoma SKMEL5) by hybridization on 3
Affymetrix microarray platforms (HG-U133A, HT_HG-
U133A, HT_HG-U133A_EA). Here, a record is a unique
combination of a small molecule, its concentration, the
cell line and the platform used. We ignore all records for
which there are no microarray replicates in CMap (for
case and control) or no targets in STITCH [21] connected
to the small molecule with confidence of at least 0.9. All
SMMD records are documented in Additional file 3.
Microarray data is processed for every platform separately.
We normalized all raw data from CMap (over 7000 arrays)

with the aroma.affymetrix [22] R package for analyzing
large Affymetrix data sets. In the CMap project, data were
collected in multiple batches, each defined as a set of cases
and controls performed together. For some of the data-
base records, microarrays are taken from more than
one batch. In order to remove batch-to-batch technical
variation we follow [23] and apply ComBat [24]. Then,
every SMMD record is analyzed individually. We con-
struct networks of the top 2000 differentially expressed
genes selected by limma. In agreement with conclu-
sions from our validation effort, we employ STRING
(but not iRefIndex) for network construction. In 73.58%
cases, the known targets of a small molecule are not in-
cluded in the network based on differential expression.
Therefore, to improve the comprehensiveness of the
database, we added curated knowledge about targets of
small molecules from STITCH. More specifically, we
added the known small molecule targets to the network
together with neighborhoods of size large enough to
connect these targets to the rest of the network. Finally,
we run CellFateScout over all pathways (chains) in the
network starting with a small molecule target gene, and
for each small molecule, the 100 most active pathways
along with their p-values are stored in the SMMD. The

1

log10(0.01)

3

4

5

Ascorbic Acid Dorsomorphin Fasudil Rosiglitazone SAHA SB203580 SU5402 Trichostatin A U0126
Small Molecule

lo
g1

0(
p

va
lu

e)

Tool

CellFateScout

ExprEssence

jActiveModules

KeyPathwayMiner

limma

Mouse/iRefIndex

Figure 3 CellFateScout validation using mouse data and iRefIndex networks. The histograms of –log10 transformed p-values are shown for
9 small molecules of Table 1, for 5 different bioinformatics tools. See the Figure 2 legend for details.
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database is constructed with ObjectDB [25], a Java ori-
ented database management system, and stored in one
file. The user can view the SMMD file content with the
ObjectDB Explorer tool, which is part of the ObjectDB
project. The SMMD is available as Additional file 4 and
also at https://sourceforge.net/projects/cellfatescout/.
Using CellFateScout, we can discover active signaling

pathways. Having a list of these, we can perform an
automated query in the Small Molecule Mechanisms
Database to identify records of small molecules that may
trigger the same pathway activity. For each active pathway,
we thus search for SMMD records featuring database
pathways with a low p-value and with matching genes
from the active pathway. For an active pathway (AP) and a
database pathway (DP) pair, we define a similarity score:

score AP;DPð Þ ¼ overlap AP;DPð Þ
pvalueAP þ pvalueDP

;

where the overlap in the numerator is defined as follows,

overlap AP;DPð Þ ¼ number of genes in AP and in DP
number of genes in AP

:

We sort the query result based on the similarity score.
Then, we collect the 100 best small molecule records with
their respective database pathways and present these
in CellFateScout.

CellFateScout assumptions, application example,
strengths and weaknesses
In contrast to bioinformatics tools designed to focus on
finding pathways or connected subnetworks composed
of genes that are significantly differentially expressed,
CellFateScout uses the Latent Variable Model and con-
siders the joint expression level of all genes in a pathway
under investigation and thus takes into account the
expression level of all genes in the entire network, and
their interactions. Therefore, genes that have only few
connections and that are not exhibiting significant expres-
sion change may still be considered components of active
pathways. In such cases, signaling is done through e.g.
phosphorylation of the protein product. This is an im-
portant aspect to consider when analyzing small molecule
responses. Accordingly, there is evidence in drug target
studies that significantly differential expression analysis
is only partially effective in detecting target genes [26]
and only a small fraction of targets are subject to
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Figure 4 CellFateScout validation using human data and STRING networks. The histograms of -log10 transformed p-values are shown for 10
small molecules of Table 2, for 5 different bioinformatics tools. See the Figure 2 legend for details.
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significantly differential expression upon drug treatment
[27]. Also, drug targets have more interactions with
other proteins on average, but fewer than essential pro-
teins [28], indicating that they are neither essential nor
peripheral. Taking it all together, as in [29], we do not as-
sume that drug targets are necessarily exhibiting signifi-
cant change in expression; they are, however, located
close to active signaling pathways and they initiate a
cascade of signaling events that ultimately generates the
observed gene expression response, as in [30].
Based on our findings, we constructed a Small Molecule

Mechanisms Database. Rather than focusing on single genes
as small molecule targets, we believe it is more useful
and gives more insight to consider groups of genes that
constitute active signaling pathways. Our database is a
collection of small molecules and their target mechanisms
in the form of active signaling pathways. Thus, we can
utilize the SMMD to search for small molecules that
have an expression signature closely matching the sig-
nature found in an experimental setup. An example of
such a search and its result is given in Figure 6.
There are some limitations to our plugin. The most

important caveat is a consequence of the noisiness and

context-sensitivity of biological data, resulting in false
positive results due to spurious expression values or
network information. In particular, the activity of sub-
networks, pathways or single interactions is a function
of many confounding influences, ranging from obvious is-
sues such as cell-line specific effects to more hidden ones,
such as the temperature at which specific experiments
were conducted. Moreover, high throughput technology
is not all-encompassing and it may not detect all changes
in the system under investigation. Limited accuracy and
adequacy of the network structure in general is another
caveat and limitation of network analysis; certain elements
of biological systems are not readily portrayed in a net-
work context [7]. Finally, as discussed above, gene expres-
sion may not necessarily reflect protein abundance.
More specifically to our method, in the Latent Variable

framework, the network structure is represented as an
adjacency matrix and its dimension increases with the
number of genes included. Thus, calculations performed
to estimate model parameters may be computationally
demanding in case of large networks. Along these lines,
CellFateScout gives the user a choice to focus only on
nodes (genes) that she would like to investigate as
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Figure 5 CellFateScout validation using human data and iRefIndex networks. The histogram of –log10 transformed p-values are shown for
9 small molecules of Table 2, for 5 different bioinformatics tools. See the Figure 2 legend for details.
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start or end points of pathways. Performing exhaustive
exploration of the pathways from all genes to all other
genes may take a long time.

Conclusions
CellFateScout is a powerful tool, easily usable as a plugin for
Cytoscape, developed to support the design of experiments
involving small molecules, with applications in cell tran-
sition research and drug repositioning. Having high
throughput data and a functional network, the user can
reveal active signaling pathways in the underlying net-
work. These active signaling pathways may be prime
candidates for more detailed modeling as in [31], to fur-
ther our understanding of small molecule perturbation
experiments. We evaluated CellFateScout on microarray
gene expression datasets with small molecules involved,
and compared results with other bioinformatics tools.
Validation showed that our plugin predicts more pre-
cisely the small molecule effects. CellFateScout evalu-
ates pathways with the Latent Variable framework that
considers the joint expression of a whole pathway,

whereas most of the network-based bioinformatics tools
search for subnetworks centered around significantly
differentially expressed genes. Since the direct targets of
small molecules often do not exhibit high expression
change, methods based on differentially expressed genes
may not find genes close to target genes. Chromatin
modification drugs such as valproic acid (see Methods)
considered in our validation may be examples for this
phenomenon. They may modify chromatin by inhibition
of histone deacetylases without significant change of
histone deacetylase transcription, thus their target genes
do not necessarily occur in microarray studies as differ-
entially expressed genes or at the top of a list of these.
Our validation in human and mouse also showed that
genes with the highest expression change found with limma
are not usually close to direct targets of small molecules.

Methods
The CellFateScout tool is designed as a Cytoscape 2.8.3
[32] plugin. Cytoscape is a software for complex network
analysis and visualization implemented in Java, which can

Figure 6 Screenshot of CellFateScout result. Active pathways are listed in the result table, top-left, and are given distinct colors and thicker
edges to distinguish them in the Cytoscape network view, which is rendering the network visualization in the middle. Selecting an active pathway
from the result table will select all its elements in the Cytoscape network view. There are two buttons below the result table, either to undo coloring
of a specific pathway in the network view or to delete a pathway from the result table. Below the list of active pathways, the SMMD query result is
shown in the bottom-left table, for up to 100 unique records. User selection of specific records will highlight all their pathways nodes and edges in the
network view. The user can also highlight these pathways in the Cytoscape Result Panel (right), and there the user can investigate the pathways
belonging to a small molecule record in detail. These pathways can also be highlighted in the network view.
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integrate additional data like microarray gene expression
sets, and be extended by third party plugins. The under-
lying methodology of CellFateScout is an adaptation of
the “Latent Variable” approach [13,14] to pathway activity
estimation.

Pathway evaluation – the statistical model
We define a functional network as a gene/protein inter-
action network. Thus, the nodes in such a network rep-
resent genes and gene products (proteins), and the links
between the nodes may be regulatory (where a protein
controls the expression of a gene) or physical (where
two proteins interact). As in other work along the same
lines, gene expression data is used as a proxy for protein
expression (which is hard to obtain in a quantitative
manner), and it is assumed that gene and protein ex-
pression correlate. To simplify terminology, we therefore
refer to ‘genes’. In this study, a pathway is a linear chain
in a functional network. Such a linear chain may reflect
the backbone of a canonical pathway such as a KEGG
[33] pathway, but it may also reflect pathway crosstalk.
Per default, we investigate all linear chains in a func-
tional network, so we consider all pathway-related infor-
mation encoded by the network.
We define the activity of a pathway as the amount of

change in expression level across its nodes (genes),
which can be thought of as the information (or signal)
flow along the pathway. Pathway activity is discovered
depending on a specific formula that varies depending
on the aims of the study. Usually, change in expression
level is considered for a pair or a set of linked genes, fol-
lowing the idea that signaling includes patterns of gene
activity that are measurable by differential expression
data along the links between the genes. More specific-
ally, this measurement will be done in our case by adapt-
ing the “Latent Variable” approach, as described in the
next paragraph. We define the active signaling pathways
in a network as a set of pathways with an activity above
a specific threshold.
The Latent Variable Model [13,14] can exploit infor-

mation from an input functional network combined with
high-throughput expression data. This approach incor-
porates directly the underlying network structure into a
model with both directed and undirected edges. It as-
sumes that the expression level of each node (gene) is
based on its own expression and on the influence of the
expression of other genes. The contribution of a gene g
to its expression level is called a latent variable, and is
modeled as a normally distributed random variable. On
the other hand, the influence of other genes on the ex-
pression level of g is calculated from the expression level
of the genes linked to g, considering the incoming edge
weights. The Latent Variable Model can be represented
as a Mixed Linear Model. Then, the fixed effects of

the latent variables can be tested. In our adaptation, we
consider pathways in the form of linear chains. The
authors of [14] then consider a statistical test for each
specific subnetwork, where the null hypothesis is as-
suming that there is no change in time of a gene’s
self-contribution to its expression level and there is no
change of its influence to other genes in this subnet-
work. The testing is done using the Wald test statistic
that under the null hypothesis follows approximately a
t-distribution. Using this framework, [14] developed a
general inference procedure that can be used to identify
active subnetworks in complex experiments over time.
This framework requires extensive adjustment of the
statistical analysis for every new application [34]. In our
case, the adjustment was done as follows. To be simple
and applicable to experiments involving two conditions,
e.g. before and after an intervention, or case and con-
trol, we simplified the Latent Variable Model framework
for two conditions and an underlying network, the struc-
ture of which does not change over time. In general, this
simplified framework allows researchers to investigate
the activity of any kind of subnetwork of interest, but
the scope of CellFateScout is the identification of active
pathways in the form of a linear chain, simplifying and
speeding up the analyses. In particular, with our adapta-
tion of the method we determine significance estimates
(p-values) for the activation status of all pathway chains
that we choose to explore, rank them based on the
p-value and highlight them in the network. The same
approach is also utilized for the small molecule data-
base construction.

Validation methodology
We selected datasets of small molecules with corre-
sponding gene expression and functional network data
and developed a validation scheme as described below that
estimates the closeness between known targets of the small
molecules and the active subnetworks/pathways (or corre-
sponding gene sets) found by the bioinformatics tools.
For our validation effort, we collected publicly avail-

able microarray experiments for two organisms, mouse
and human, where only one small molecule is investigated
per microarray. Target genes of these small molecules
had to be included in the STITCH database version 3.1,
a chemical-protein interactions resource [21]. There, every
interaction between a small molecule and a gene/protein
has a confidence score of at most 1. In order to consider
only small molecules with a high likelihood that there
exist correctly curated target genes, we used a confidence
threshold of 0.9. Finally, we required microarray data
to meet the criterion of having replicates for case and
for control.
For mouse, we investigated small molecules that are

known to modulate embryonic stem cell fate and somatic
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cell reprogramming. Zhang collected these in a review
[35]; out of the 39 listed there, 12 have high confidence
targets in STITCH and feature experiments with repli-
cates in the Gene Expression Omnibus (GEO) repository
as of January 2013 [36]. From this set of small molecules
we do not consider retinoic acid due to its high number of
84 target genes, and we therefore investigated 11 small
molecules. A summary of our data is presented in Table 1.
We imported normalized microarray expression sets from
the GEO database into the R statistical computing and
graphics environment [37] using the Bioconductor pack-
age GEOquery [38]. These expression sets can be directly
passed on to Cytoscape and used with CellFateScout.
Other tools required additional steps in data preparation.
For jActiveModules, we had to assign a p-value from dif-
ferential expression analysis to the genes and for this we
used the R limma package. KeyPathwayMiner requires a
selection of differentially expressed genes from the net-
work. Here, we followed the original manuscript and
processed the data as described there.
For human, we selected small molecules applied in

chromatin-modification therapeutic studies in cancer
and a summary of such studies (clinical trials) is assem-
bled in Mai [50] in the supplement therein. We applied
the same criteria as for mouse to narrow down our set
of small molecules, filtering drugs with known curated

target genes in STITCH. Then, we intersected them with
all small molecules that were used in the Connectivity
Map. This intersection is meaningful because both the
clinical trials of Mai and the Connectivity Map data are
based on cancer cell lines. We further focused only on
microarrays that were performed with the breast cancer
epithelial cell line MCF7. Finally, from the 14 drugs sur-
viving all filters described, we omitted those with a high
number of more than 100 human target genes. For the
resulting 10 small molecules, the corresponding micro-
arrays and their controls were normalized (see SMMD
construction, above), processed as for mouse (see above)
and passed for validation as described below. A summary
of the human data can be found in Table 2.
Focusing on protein-protein and protein-gene interac-

tions to identify active signaling pathways from expression
data (see also [8,26,51-54]), we used two distinct database
repositories to construct functional networks for both spe-
cies, mouse and human, setting the appropriate species as a
database retrieval parameter. In a first approach, we uti-
lized information from the STRING database (version 9.0)
[55]. Their website allows to import and construct pro-
tein/gene interaction and regulation networks for up to
2000 genes, and thus, for each small molecule/microarray
experiment, we based our network construction upon the
top 2000 differentially expressed genes as calculated by

Table 1 Mouse data used for validation
Mouse

Small
molecule

Number of
targets in
STITCH

GSM sample number Publication STRING Network
(nodes/edges/targets in
whole STRING network)

iRefIndex Network
(nodes/edges/targets in
whole iRefIndex network)

Perturbation
(case)

Reference (control)

Ascorbic Acid 6 854784, 854785,
854786, 854787

854788, 854789, 854790,
854791

[39] 189/162/2 128/97/1

Dorsomorphin 6 677043, 677044 677041, 677042 [40] 258/202/6 161/131/5

Fasudil 1 634510, 634518,
634526, 634534

634509, 634517, 634525,
634533

[41] 338/445/1 246/223/1

Rosiglitazone 10 794249, 794250,
794251

794242, 794243, 794244,
794245

[42] 376/504/10 233/220/6

SAHA 1 890615, 890616,
890617

890678, 890679, 890680,
890681, 890682, 890683,
890684, 890685, 890686,
890687, 890688, 890689,

890690, 890691

[43] 377/389/1 220/197/1

SB203580 20 37115, 37116 37106, 37107 [44] 571/781/19 337/30717

SB431542 1 571146, 571147,
571148, 571149

571150, 571151, 571152,
571153

[45] 372/415/1 -

SU5402 2 400317, 400318,
400319

400305, 400306, 400307 [46] 412/530/2 229/203/1

Trichostatin A 12 8898, 8902 8900, 8904 [47] 564/1044/9 423/484/11

U0126 13 377044, 377045,
377046

376950, 376951, 376952 [48] 278/263/13 120/79/11

Valproic Acid 19 234805, 234806,
234807, 234808

234794, 234795, 234796,
234797

[49] 332/614/17 -
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GEO2R, a GEO tool that in turn employs the limma R
package. We then set a high confidence STRING score
threshold of 0.9 for filtering out unreliable links and de-
leted from the network all genes that are not linked to
any other gene. In a second approach, we considered
the same top 2000 genes, but we used functional network
information taken from the iRefIndex database version
9.0 [20]. We considered networks from both repositor-
ies as undirected. Summaries of our data assembly and
network constructions are also given in Tables 1 and 2.
(For two small molecules in the mouse data, SB431542
and Valproic Acid, and for Prednisone in the human
data, target genes are not found in the complete mouse
or human iRefIndex network, thus it is not possible to
conduct the validation for these small molecules in case
of iRefIndex).
We defined the neighborhood of a small molecule within

a network as its target genes and their neighbors, up to a
specific distance. We expected the genes in the neighbor-
hood to be affected by the small molecule, that is, to fea-
ture a change in their expression. Our validation is thus
based on the question: are the active pathways we find
close to the known targets? In other words, in how far
does the neighborhood of the small molecule, based on its
targets, coincide with the pathways it is supposed to ac-
tivate, based on the expression data of the experiment
measuring its effects?
All of the bioinformatics tools we compare represented

different ways to identify such small molecule effects, by
gene-wise independent testing, highlighting links or iden-
tifying active subnetworks. We used these tools together
with expression experiments and corresponding networks
to compare their accuracy in identifying relevant pathway
activity patterns, as follows. We ran our plugin on all data-
sets we collected (Tables 1 and 2) and performed an

exhaustive search investigating every pathway of size up to
6, consisting of 7 genes connected by 6 links; 6 is the first
integer greater than the right-hand side of the 95% con-
fidence interval for the average path length of all con-
structed networks, that is (4.42, 5.22). Each exhaustive
search resulted in a listing of the 10 most active path-
ways, based on the gene expression data of the micro-
array and the corresponding network. Then, we ran other
tools with default settings on the same datasets and col-
lected the results top-down (best results first) to obtain
(almost) the same number of genes as we did using
CellFateScout. To facilitate comparison of the gene lists
from limma, links (gene pairs) from ExprEssence, active
pathways from CellFateScout, and active subnetworks
from jActiveModules and KeyPathwayMiner, we treated
all results as sets of individual genes embedded in a net-
work. In order to analyze the proximity of these gene
sets to the small molecule targets as defined by STITCH,
we defined a formula for the distance between a gene and
a small molecule in terms of a network, and, more
generally, between a set of genes and a small molecule
(see below). Small molecule target genes and their neigh-
borhoods often do not occur in the network constructed
out of the 2000 most differentially expressed genes, since
signaling is not always reflected by transcriptional change,
but also e.g. by phosphorylation of the protein product.
For this reason we calculated the distance of a gene to a
small molecule considering the whole network of inter-
actions from STRING (with confidence score at least
0.9) or from iRefIndex. The distances between the tar-
gets and the genes found by the bioinformatics tools can
be found in Additional file 1 for mouse and Additional
file 2 for human.
The distance of a single gene to a small molecule is

the shortest distance of this gene to its closest small

Table 2 Human data used for validation
Human

Small molecule Number of targets
in STITCH

Concentration Array STRING Network
(nodes/edges/targets in
whole STRING network)

iRefIndex Network
(nodes/edges/targets in
whole iRefIndex network)

Azacitidine 8 0.0000164 HT_HG-U133A 1539/4029/8 1559/5804/7

Doxorubicin 48 0.0000068 HT_HG-U133A 1504/3937/44 1574/5896/45

Etoposide 41 0.0000068 HT_HG-U133A 1510/4171/37 1540/5514/39

Hydralazine 3 0.0000204 HT_HG-U133A 1468/2977/3 1372/3633/3

Lithocholic Acid 59 0.0000106 HT_HG-U133A 1414/2745/59 1282/2649/54

Methylprednisolone 6 0.0000106 HT_HG-U133A 1411/3239/5 1389/3653/5

Prednisone 1 0.0000112 HT_HG-U133A 1433/2988/1 -

Tamoxifen 56 0.000007 HT_HG-U133A 1468/3400/56 1505/4969/49

Valproic Acid 20 0.001 HT_HG-U133A 1386/2870/19 1451/4382/17

Vorinostat 22 0.00001 HT_HG-U133A 1505/4302/22 1580/6135/22
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molecule target in the network. Further, we introduced a
weighting function so that a weight is assigned to each
distance based on the size of the neighborhood of the
small molecule. This weight will be high if the gene is
near a small molecule and the number of genes of the
same, or smaller, distance to this molecule is low. With
this weighting we give strong weight to the distances
of genes proximal or coinciding with target genes. The
weight of distance i is

weight ið Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−

ni−1
N

3

r
:

Here, ni indicates the number of genes in the network
of distance i or less (with respect to the gene in question)
and N the number of all nodes in the network. Thus,
the weighting function is monotonically decreasing with
respect to i, when N is fixed. A visualization of this
approach is presented in Figure 7. Next, the distance
of a set of genes to a small molecule is defined as the
weighted mean of the individual distances. This gives
a score for the distances of a set of genes and compensates
that some bioinformatics tools return a variable number
of genes; with more genes in a gene set, the expected
number of hits (genes near targets) is also increasing.
Finally, we challenged all bioinformatics tools against
results from randomization. Thus, we applied a boot-
strapping technique to create a sample distribution by

generating 10000 random gene sets of the same size as
the average of the resulting pathways and calculating the
distance scores of these random sets to the small molecule
under investigation. Using this random sample we cal-
culated one-sided p-values. These p-values are easier to
interpret, more meaningful and easier to compare than
weighted mean distances: They describe how much bet-
ter the results taken from the bioinformatics tools are,
compared to “pathways” based on selecting genes ran-
domly, and they are not affected by topological bias in
the network.
As a result of our validation, we obtained p-values,

measuring our improvement over chance findings, i.e. how
much closer to the known targets are the active pathways
we find, compared to random pathways, and how sig-
nificant is this difference? We obtained the same kind of
p-values for the other bioinformatics tools. In order
to visualize the validation results, we transformed the
resulting p-values from the randomization test, taking
the − log10(p − value).

CellFateScout input
The plugin requires a functional network and at least
two high-throughput datasets (differentially describing two
conditions) imported into Cytoscape. The network con-
sists of nodes and edges. As described, with respect to
the nodes, we do not distinguish between genes and pro-
teins. Thus, the edges may describe physical interactions

n2

n3

n1

n0

33 3 3 33 3

11 1 11

SM

Target Target

22222 2 2 22 2

3 3 3 3 3 3 3 333 3 3 3 3 3 3 3 3 33

Figure 7 Visualization of the weighting function used in our validation approach. Using the weighting function promotes gene sets proximal
or coinciding with target genes. A weight is assigned to a gene based on its distance to the small molecules and the size of the neighborhood of the
small molecule. In this toy example, we have network nodes of distance 0 (targets), 1, 2 and 3 to the small molecules targets and ni represents the
number of genes of distance i or less to these targets. The weight of a pathway gene (colored in yellow) is calculated based on the weighting
function and e.g. for a node of distance 2 in this toy example, the weight is 0.860.
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between gene products (proteins) as well as regulatory
interactions between genes and proteins. Both kinds of
interactions are called links. The former are usually undir-
ected, while the latter may be directed (stimulations, inhibi-
tions). Links may be weighted by their strength, which may
be measured experimentally. By default, the network is
treated as undirected and unweighted. Nevertheless, the
user can select edges and define their directionality and
assign weights. The expression values must be imported
as node attributes and due to the statistical model utilized,
only data with at least two replicates per condition can be
processed.

Interface of the CellFateScout plugin and output
The CellFateScout user interface is implemented in a way
that it is easy to grasp for non-computer scientists, but
still functional and comprehensive. A tutorial is avail-
able at http://sourceforge.net/projects/cellfatescout and
as Additional file 5. Before the user starts the plugin, a
Cytoscape session with a valid network and expression
data must be uploaded. In a first step, the user may ex-
plicitly define edge directionalities. When there is add-
itional information about the links, CellFateScout also
allows assigning weights to these. Thus, the user can
control how pathways will be investigated and which
links have high priority.
Complex networks feature a high fraction of all pos-

sible links and analyzing all resulting pathways is very
often neither possible nor necessary. Therefore, the plu-
gin lets the user decide how to explore the network, by
marking the nodes or edges that correspond to the start
and to the end of the pathways to be explored. The user
tags these nodes or edges in the Cytoscape network view.
Additionally, CellFateScout allows selecting the entire
neighborhood of a specified node. An edge is considered
as the set of its two nodes. These multiple ways of node
and edge selection give the user the opportunity to ex-
ploit the network in a way that suits best. In the minim-
alist scenario the user can select a single node for the
start and for the end, whereas selecting all nodes as start
as well as end points will trigger an exhaustive exploration.
Finally, the user selects Cytoscape node attributes repre-
senting two conditions (e.g. case and control) from a high-
throughput experiment. After computation, the most active
signaling pathways with lowest p-values in the input Cytos-
cape network are shown in a table and marked by colors
in the table and the Cytoscape network view. We also
provide adjusted p-values after multiple testing correc-
tion using the Benjamini-Hochberg procedure [56]. The
resulting pathways are sorted in the table from most to
least significant (from low to high p-value), and delin-
eated by color. If the resulting pathways have overlap-
ping edges in the Cytoscape network view, colors are given
based on rank. To keep the view simple and readable, by

default we only consider the top ten pathways with top
ranks. Selection of pathways in the result table will
select all their elements, nodes and edges, in the Cytos-
cape network view. We also provide features that allow
the user to delete pathways from the results table. When a
pathway is deleted from the results table, the next signifi-
cant pathway in the ranking that was not appearing in the
table will be shown and displayed in the network view.
Once we know the activity pattern of the signaling path-

ways in the network, we can perform an automatic simi-
larity search in the Small Molecule Mechanisms Database
(SMMD) for matching pathways based on Connectivity
Map data. Only user-selected active pathways from the re-
sults table will be queried for matching pathways. The
matching pathways from the SMMD are associated with
small molecules, each with information about the small
molecule concentration, the cell line with which the ex-
periment was conducted and the microarray platform
used. (In each SMMD record, a small molecule and its
associated information are connected to the pathways
being activated). The matching database pathways are
sorted based on a similarity score (see above) and up to
100 unique records with database pathways having the
best similarity scores are shown. User selection of spe-
cific records will highlight, for all matching pathways,
their nodes and edges in the Cytoscape network view.
To investigate the pathways belonging to a specific rec-
ord, the user can obtain their description in a Cytoscape
Results Panel. In turn, the described pathways can be
highlighted one-by-one in the Cytoscape network view
by selecting them in the Results Panel. Since not all nodes
or edges of a pathway belonging to a record have to be
present in the original network for which the matching
pathway was calculated, only some elements may be
highlighted in the Cytoscape network view. An example
view of a Cytoscape session while using CellFateScout is
presented in Figure 6.

Additional files

Additional files 1: Mouse validation summary. Table that summarizes
detailed results from mouse validation including weighted means distances,
p-values, and the number of genes at a certain distance to the small molecules.

Additional files 2: Human validation summary. Table that
summarizes detailed results from human validation including weighted
means distances, p-values, and the number of genes at a certain distance
to the small molecules.

Additional files 3: Small Molecule Mechanisms Database records.
Summary of all small molecules from Connectivity Map included in the
SMMD, including their respective concentration, cell line and Affymetrix
microarray platform.

Additional files 4: Small Molecule Mechanisms Database. The database
is constructed with ObjectDB (www.objectdb.com), a Java oriented database
management system. Content of this file can be viewed with the ObjectDB
Explorer tool, which is a part of the ObjectDB project. This file is also available
at http://sourceforge.net/projects/cellfatescout.
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Additional files 5: CellFateScout step-by-step tutorial for a case
study. Tutorial that presents how CellFateScout can be utilized on an
expression dataset. For this, we used the public microarray expression
dataset available at GEO [36] under accession number GSE37896 [57].
This study is measuring gene expression change in iPS induction by
lentiviral Yamanaka factors applied to adipose stem cells.
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