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Abstract

The methylotrophic yeast Pichia pastoris is one of the major eukaryotic
expression systems and extensively used for the production of recombinant
proteins. Due to the possible humanization of its glycosylation pattern, it
is especially well suited for pharmaceutical applications. Despite the ever
growing interest in this cell factory, a genome sequence of P. pastoris was
not publicly available at the time of this work. Without a genome sequence,
the use of high throughput technologies is drastically hampered, and the
analysis of system wide responses not feasible.

Previously, a commercial draft sequence of P. pastoris was used to develop
gene expression microarrays. During this project, the microarray design was
improved and an analysis pipeline was implemented to determine differen-
tial expression and gene set enrichment in the data set. The microarrays
and the analysis pipeline were validated in a study comparing the effects
of dithiothreitol (DTT) treatment and HAC1 overexpression on P. pastoris.
Both factors are involved in the unfolded protein response, which plays an
important role in the secretion of heterologous protein. The arrays and the
pipeline were then used in an international, multi-organism study about the
impact of environmental factors on protein production. During these stud-
ies, it soon became evident that a publicly available genome sequence of P.
pastoris was needed to fully utilize the state of the art technologies.

Applying next generation sequencing technologies, the genome of the P.
pastoris type strain DSMZ 70382 was sequenced, and subsequently anno-
tated. Using the set of putative genes, and the homology based functional
annotation, the secretome of P. pastoris could be computationally predicted.
The in-silico secretome was then compared to the experimentally determined
secretome from a glucose cultivation. Additionally, the growth characteristics
of P. pastoris was elucidated by surveying the hexose transporters present
in the genome. To visualize the genomic data, a Genome Browser was im-
plemented and made publicly available 1.

Based on the genomic and functional data of P. pastoris, as well as exper-
imental data from chemostat and fed-batch cultivations, the first genome-
scale metabolic model of P. pastoris was created. In a validation study, the
model was used to simulate the production of two heterologous proteins,
namely the secreted human serum albumin (HSA) and the intracellular hu-
man superoxide dismutase (hSOD), under oxygen limiting conditions. Fur-
thermore, the model is capable of predicting overexpression and knockout
targets that have a beneficial effect on protein production. With a genome
model at hand and established high throughput tools P. pastoris is now
ready for Systems Biotechnology.

1www.pichiagenome.org

www.pichiagenome.org


Zusammenfassung

Die methylotrophe Hefe Pichia pastoris ist ein bedeutendes Expressions-
system, welches vorrangig zur Produktion von rekombinanten Proteinen ver-
wendet wird. Trotz der ständig wachsenden Beliebtheit dieser Zellfabrik, ist
relativ wenig über ihr Genom bekannt, und zum Beginn dieser Arbeit, war
keine öffentlich zugängliche Genomsequenz verfügbar. Ohne diese, ist je-
doch die Anwendung von High-Throughput Methoden stark eingeschränkt,
und eine systemweite Analyse nicht möglich. Nachdem das Ziel dieser Ar-
beit die Erstellung eines genomweiten metabolischen Modells von P. pastoris
war, mussten zuerst die erforderlichen Methoden etabliert, und die für die
Modellkonstruktion essentiellen Daten erzeugt werden.

Im Rahmen einer Weiterentwicklung von vorhandenen DNA Microarrays,
wurde das Arraydesign überarbeitet, sowie eine Pipeline für die statistis-
chen Auswertung der Daten implementiert. Das System konnte in einer
Studie, die sich mit den Auswirkungen von Dithiothreitol (DTT) und von
HAC1 Überexpression auf P. pastoris beschäftigte, erfolgreich validiert wer-
den. Sowohl DTT wie auch HAC1 beeinflussen die ’Unfolded Protein Re-
sponse’, welche eine wichtige Rolle in der Proteinsekretion spielt. Die Ar-
rays wurden daraufin in einer internationalen Studie, über die Auswirkung
von Umweltfaktoren auf die Produktivität von verschiedenen Expressions-
systemen, verwendet.

Der P. pastoris Stamm DSMZ 70382 wurde auf zwei ’Next-Generation-
Sequencing’ Platformen sequenziert, und danach funktionell annotiert. Da
sowohl das Sekretom als auch die Wachstumseigenschaften wichtige Faktoren
in der industriellen Biotechnologie sind, wurden die gewonnenen Genom-
daten dazu verwendet um, einerseits das Sekretom von P. pastoris bioin-
formatisch und experimentell zu bestimmt, und andererseits die Hexose-
transporter zu untersuchen. Die Resultate dieser Analyse ergaben neue
und vielversprechende Erkenntnisse ber die Eigenschaften dieser Hefe. Um
das Genom zu visualisieren und öffentlich zugänglich zu machen, wurde ein
Genom Browser implementiert2.

Basierend auf die funktionelle Annotation des Genoms, sowie experimentelle
Daten, wurde das erste genomweite metabolischen Modell von P. pastoris
entwickelt, mit dessen Hilfe die Produktion von zwei rekombinanten Pro-
teinen (Humane Serum Albumin (HSA) und Humane Superoxid Dismutase
(hSOD)) unter verschiedenen Sauerstoffaufnahmeraten, erfolgreich simuliert
werden konnte. Durch die Implementierung der Proteinsynthese kann das
Modell zur Vorhersage von Zielgenen für Knock-out oder Überexpressions-
experimenten verwendet werden. Mit der Entwicklung des genomweiten
Modells, der Etablierung von Microarrays, und einer verfügbaren Genom-
sequenz, ist P. pastoris nun gut gerüstet für die Systembiotechnologie.

2www.pichiagenome.org

www.pichiagenome.org
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Aim of the study

The aim of the study was to construct a genome-scale metabolic model of the yeast Pichia
pastoris and establish transcriptomics methods to facilitate a Systems Biotechnology
approach in the analysis of this organism. A basic requirement for both objectives was
the availability of a genome sequence of P. pastoris and its functional annotation. To
be able to curate the annotation and gene prediction and to make the genome accessible
to the community, it was necessary to implement a genome browser visualizing the
genomic data. The transcriptome analysis of P. pastoris required the development of
DNA expression microarrays and an analysis pipeline to calculate differential expression
and higher level statistics.
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1 Introduction

The methylotrophic yeast Pichia pastoris has been successfully used for heterologous
protein production for several decades, and constantly gains popularity. For all its
advantages, this production platform still has shortcomings, especially when trying to
secrete complex proteins [Macauley-Patrick et al., 2005]. Several studies have targeted
isolated processes involved in protein biosynthesis and secretion, such as the unfolded
protein response or a number of helper factors [Inan et al., 2006; Marx et al., 2006;
Zhang et al., 2006; Resina et al., 2009; Gasser et al., 2006, 2007a]. Although these
studies could achieve a beneficial effect on the expression of recombinant proteins, they
also showed the need to study recombinant protein production in the framework of the
complete cellular system. This insight, which is reflected in the concept of Systems
Biology, is not a new one. Yet, a system-level approach became feasible only in the last
decade, after the development of new analysis tools and high throughput technologies
[Graf et al., 2009]. In general, Systems Biology can be understood as an approach that
tries to consider all components of a biological system, and attempts to represent and
predict interactions between the components using mathematical-computational models.
This approach also attracts attention from the biotechnological community, where the
term Systems Biotechnology was recently introduced. Current applications of Systems
Biotechnology in recombinant protein production are reviewed in Graf et al. [2009]. One
aspect of Systems Biology, metabolic modelling, shifts more and more into focus as
biology moves from a qualitative to a quantitative science. The ability to predict the
reaction of a system to perturbation without doing laborious experiments represents a
great advantage in any field, yet the complexity of biological systems constitutes a special
challenge. Many gaps still exist in our knowledge about the function and regulation of
cellular processes, but with the progress in genome sequencing, automated annotation,
and high throughput analysis whole genome models of microorganisms are now feasible.

1.1 Yeasts and Pichia pastoris

Within the kingdom of fungi, the methylotrophic yeast P. pastoris belongs to the phy-
lum of Ascomycota and the family of Saccharomycotina. After phylogenetic sequence
analysis became available, it has been reclassified from the genus Pichia into the genus
Komagataella and split into three species, namely K. pastoris, K. pseudopastoris and K.
phaffii [Yamada et al., 1995]. Biotechnologically used strains belong either to the species
K. phaffi or K. pastoris [Kurtzman, 2009], but the name P. pastoris is still widely used
for both of these species.

Yeasts do not represent a homogeneous group that has a clear lineage. Instead, they
constitute a group of unicellular organisms that developed several times during evolution.
They are characterized by an unlimited clonal growth and sexual states that do not form
within or on fruiting bodies [Dujon, 2010]. Yeast genomes are usually compact with a
high gene density and a small number of intron-containing genes [Dujon et al., 2004]. The
exact position of the Komagataella species in the phylogenetic tree is still unclear, but



1.2 Next Generation Sequencing 8

according to Dujon [2010] they belong, together with Yarrowia and Trichomonascus, in
a group called Dipodascaceae, which is characterized by 4-6 chromosomes and dispersed
5S RNA genes.

P. pastoris has several advantages as production host of recombinant proteins. Even
though the diversity within the group Saccharomycotina is large, the similarity between
P. pastoris and Saccharomyces cerevisiae is high enough to enable sharing of protocols
and techniques for genetic manipulation. The growth conditions of P. pastoris are rela-
tively simple, it has a high specific growth rate, and it can grow to a higher cell density
than S. cerevisiae due to its preference of respirative growth. Moreover, P. pastoris
has the ability to generate human-like post translational modifications (disulfide bridges
and proteolytic processing), it produces N- as well as O-glycosylated proteins, and it
was engineered to show a human-like glycosylation pattern, which is essential for the
expression of many proteins that are destined for medical purposes [Wildt and Gern-
gross, 2005; Jacobs et al., 2009; De Pourcq et al., 2010]. Gasser and Mattanovich [2007]
review the production of antibodies in yeasts and filamentous fungi and highlight the
potential of fungal production systems that can be glycoengineered. Another advantage
of P. pastoris is the secretion of very low levels of endogenous proteins, making down-
stream purification of heterologous protein easier [Cereghino and Cregg, 2000; Gellissen
et al., 2005; Mattanovich et al., 2009a]. Therefore, it is not surprising that this methy-
lotrophic yeast is widely used as production host for recombinant proteins. Lists of
proteins successfully produced with P. pastoris can be found in Cregg et al. [2000] and
Macauley-Patrick et al. [2005]. The remaining bottlenecks in the production of complex
recombinant proteins were suspected to be in the folding machinery of the cell, and
linked to the unfolded protein response and other stress related factors [Mattanovich
et al., 2004; Hohenblum et al., 2004; Gasser et al., 2006]. A comprehensive analysis
of the reaction of the whole cell to recombinant protein production was, however, not
possible. Attempts to analyse the transcriptome of P. pastoris under protein produc-
ing conditions include, the use of heterologous S. cerevisiae microarrays [Gasser et al.,
2007a; Sauer et al., 2004], or transcript analysis with aid of affinity capture (TRAC)
[Gasser et al., 2007b]. While important lessons were learned in these studies, they were
not able to capture the complete transcriptional response of the cell.

1.2 Next Generation Sequencing

When F. Sanger presented his DNA sequencing method in the 70s, it opened the door to a
new understanding of life. In the 90s, not least because of the human genome project, the
technique was improved to be faster and to produce longer reads. Automated sequencing
machines were introduced, making large-scale production possible [Hall, 2007]. Still,
the infrastructure costs for Sanger sequencing are too high for most small labs, and
sequencing is therefore done primarily in large sequencing centres. To meet the challenges
of the human genome project, it was essential to consider other sequencing approaches
that could eliminate the time consuming step of cloning, and therewith increase the
sequencing rate [Medini et al., 2008]. In the last few years, several new sequencing



1.2 Next Generation Sequencing 9

Advantages Disadvantages
Massively parallel throughput Shorter read length
No time consuming cloning, More complex data processing

no cloning bias
Low volumes of DNA and reagents Higher error rate,

more coverage needed

Table 1: Advantages and Disadvantages of NGS

methods were brought to the market. These so-called Next Generation Sequencing
(NGS) platforms reduced the reaction volume, while at the same time extending the
number of sequencing reactions, making them faster and cheaper than Sanger sequencing
[Schuster, 2008].

NGS methods do not use cloning to amplify the DNA fragments, but some form of
Polymerase Chain Reaction (PCR), thus avoiding the bias introduced by cloning. On
the other hand they do not reach the read length of the traditional approach and come
with their own set of problems, not least the introduction of a new level of complexity
into assembly and alignment. Apart from these features, the new techniques differ
considerably, and depending on the biological question, one or another is more suited
to find the answer. The advantages and disadvantages that are common to all new
sequencing techniques are summarized in table 1 and figure 2 on page 11 shows which
features of the new sequencing technologies are important for which type of application.
Since the technical details of the NGS methods have been exhaustively reviewed [Mardis,
2008; MacLean et al., 2009; Metzker, 2010], they will not be repeated here. Many of
the disadvantages of current sequencing methods could be solved by single molecule
sequencing, a technology that determines the base composition of an individual DNA
strand due to differences in physical, optical, electrical or magnetic properties of the
four bases [Xu et al., 2009]. The first single molecule sequencing technology on the
market was developed by Helicos BioSciences, and uses cyclic steps of labled nucleotide
addition and fluorescence detection without the need of an amplification step3. With
the omission of the amplification step, the error rate is lower than for NGS methods, and
although the present read length of 35 bases places it at the lower end of the range, it is
still comparable to the Illumina/Solexa approach. Another single molecule platform was
introduced recently by Pacific Biosciences. It uses phospholinked nucleotides to measure
incorperation during natural DNA synthesis in real time (SMRT technology)4. The read
length promised by this platform lies above 1000 bases, but at the moment there are no
independent studies concerning the performance of the SMRT. While a number of other
commercial single molecule sequencing system are announced to be on the market within
the next five years, there are still major issues to be tackled. Current single molecule
sequencing methods are critically reviewed in Gupta [2008] and Xu et al. [2009]. The
features of currently used sequencing methods are listed in figure 1.

3http://www.helicosbio.com(September2010)
4http://www.pacificbioscience.com(September2010)

http://www.helicosbio.com (September 2010)
http://www.pacificbioscience.com (September 2010)
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Figure 1: Features of currently used sequencing methods

1.2.1 Questions related to De Novo Assembly

In de novo assembly, the sequence reads are pieced together without any kind of ad-
ditional information. This enables researchers to work with organisms for which no
sequence data is available yet, but makes the analysis computationally more demand-
ing. The main application for de novo sequencing is whole genome sequencing, but it
is also attractive for other questions where a reference genome is not available and not
needed. After the sequencing run, the reads are assembled into contigs, which are longer
units of continuous DNA sequence, separated by gaps where assembly was not possible.
In most cases, the gaps result from repetitive elements in the genome sequence [Grif-
fiths et al., 2005]. Hence, the number of contigs and their length greatly depends on
the complexity of the sequenced genome. To further assemble the contigs into scaffolds
or supercontigs, it is often necessary to know the orientation and order of the contigs.
This information can be obtained by using paired-end reads, a method where a genomic
insert or DNA fragment of defined size is sequenced from opposite ends. Because of the
cloning step in Sanger sequencing, paired-end data was readily available. With NGS
a paired end methodology had to be specifically developed, and was therefore lacking
at the beginning [Pop and Salzberg, 2008]. The remaining assembly gaps can be filled
using PCR, primer walking, or Sanger sequencing. For this type of sequencing prob-
lem, longer reads are better suited as they span larger repeat regions and make the
assembly easier to manage. At present, the 454 technique can reach a read length of
400 (454 GS FLX with Titanium reagents), and is therefore the best choice for de novo
sequencing. Nevertheless, also the short read techniques like Illumina or SOLiD can be
used for de novo sequencing, especially when the genome is small. Farrer et al. [2009]
explored de novo sequence assembly of Pseudomonas syringae, using paired-end reads
from Illumina’s Genome Analyzer and a number of assembly programs. The result is
promising even though they could not take full advantage of the paired-end data since
the algorithms at that time were not yet optimized for this type of data. With a read
length of over 1,000 bases, the SMRT technology of Pacific Bioscience is comparable to
Sanger sequencing and would be especially well suited for de novo sequencing, but the
strengths and weaknesses of this technology are not known yet.
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Figure 2: Requirements of Sequencing Applications [MacLean et al., 2009]

1.2.2 Questions related to Sequence Alignment

Whenever a genome sequence already exists, like for most model organisms, the NGS
reads can be aligned to the reference genome. Sequence alignment is a much simpler
task than de novo assembly since it is only necessary to find the matching position on
the reference genome, but still poses certain challenges. Repetitive sequences and highly
similar regions are very hard to align properly, especially when the sequence reads are
short. It is not always easy to distinguish between sequencing errors and polymorphisms,
and diverging sequences can result in wrong alignments. Apart from a well annotated
high quality reference genome, read accuracy and sequencing depth (coverage) are the
critical factors for most alignment problems (figure 2). Resequencing of strains or in-
dividuals can be used for mutational profiling, and is therefore of special interest for
microbiological strain improvement, as well as the basis for personalized medicine. This
application has similar requirements as de novo sequencing, but in combination with the
analysis of single nucleotide polymorphisms (SNP), a large sequencing depth and good
read accuracy is essential [MacLean et al., 2009]. Using sequencing technologies to anal-
yse messenger RNA content (RNA-seq) has several advantages over expression profiling
on microarrays. The analysis is not limited to known genes, and the precise location of
transcript boundaries can be mapped to the genome. Technically, background signals
are very low or nonexistent, and the results are highly reproducible and accurate when
compared to qPCR. On the other hand, each sequencing method introduces a different
bias, and splicing and splicing variants still present a problem [Wang et al., 2009]. Short
read as well as long read platforms can be used for RNA-seq, but due to its lower per
base cost the Illumina/Solexa platform has been used in the majority of studies up to
date. NGS can also be used for the discovery of non-coding RNAs, a field that has made
a great impact on genome research [Mardis, 2008]. Another application is the in-vivo
examination of protein-DNA interaction using chromatin immunoprecipitation (ChIP)
essays. Like with gene expression, the identification of resulting DNA fragments was
done through hybridization to a microarray (ChIP-chip), but the comparative advan-
tages of sequencing led to the establishment of a ChIP-seq protocol [Park, 2009]. The
applications of sequencing will surely continue to increase in the future while the tech-
nology matures, and though cost is presently the main disadvantage of all sequencing
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platforms, the per base cost of sequencing has been falling continually during the last
few years and will probably keep on doing so in the near future.

1.2.3 Bioinformatics Challenges

Although bioinformatics software and algorithms were already available for the assembly
and alignment of Sanger sequencing output, they could not be directly applied to the data
generated by next generation sequencing machines. The new sequencing technologies
have a higher coverage, which increases the data output drastically, and most of the
formerly used algorithms did not scale well with the increasing data volume. Also, due
to the shorter reads, the sequence overlaps are not as long as in Sanger sequencing,
making the assembly problem more tricky. Lastly, because the sequencing methods
differ, the data behave differently and the error models need to be changed for each new
technology [MacLean et al., 2009; Pop and Salzberg, 2008]. The development of new
assembly and alignment tools progresses fast, and already a whole range of options are
available. The programs are updated continuously to improve the performance of the
algorithms and to incorporate new features of NGS, like paired-end reads. It is hard
to say what the advantages and disadvantages of the various tools are since they are
all fairly new and quite sensitive to parameter values and the quality of the input data
[Farrer et al., 2009]. MacLean et al. [2009] gives a good introduction into assembly and
alignment tools available at the moment.

1.3 Gene Expression Microarray Analysis

Despite the promises of RNA-seq, many labs still rely on microarrays when measuring
transcriptomics data. The main reason for this is an existing infrastructure and the
cost, which is still lower than sequencing, especially when using high density chips. It
is likely that expression microarrays will be replaced by sequencing in the future and
the use of microarrays will shift to new applications [Graf et al., 2009], but for the
time being they still have their place in transcriptomics. Generally, a gene expression
microarray consists of nucleic acid sequences (probes) attached to a solid support like a
glass slide. Depending on the type of microarray, the length of the probes vary, and so
does the method, with which they are created and fixed on the support. A fluorescently
labelled target sample is then hybridized to the microarray, and the fluorescence signal
is scanned and transformed to an intensity value. Two-channel arrays are hybridized
with two samples, each being labelled with a different fluorescent dye, usually Cy3 and
Cy5 [Jaluria et al., 2007]. More details about microarrays can be found in Rogers and
Cambrosio [2007], who review the development and the application of microarrays since
their introduction, and Tarca et al. [2006], who give a concise introduction to the topic
of gene expression profiling with microarrays.

There are several factors, which contribute to the fact that the task of analysing
microarray data is not a trivial one:
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• The measured fluorescence signal depends on many variables not related to the
biological question, causing a certain amount of variation and possibly systematic
error [Huber et al., 2005].

• Usually, many thousand genes are tested with only a very limited number of repli-
cates.

• Microarray fluorescence data do not satisfy the assumptions of many classical
statistical tests, like variance homogeneity, or normal distribution [Dabney and
Storey, 2007].

• There is a nonlinear relationship between fluorescence measurement and abundance
of mRNA transcripts in the sample [Huber et al., 2005].

The types of variation are classified into random variations (noise), and systematic
deviations from the true signal (bias). Both can be introduced at various steps in the
microarray analysis [Kreil and Russell, 2005; Mecham et al., 2010]. The non exhaustive
list below describes some of the steps in the analysis that could lead to noise or bias in
the data:

Dye bias: There can be variations in dye incorporation into the target sequence; when
using two-colour arrays it is known that the two dyes (usually Cy3 and Cy5) show
a different behaviour, especially in regard to stability in the presence of ozone [Fare
et al., 2003].

Cross-hybridization: Depending on the specificity of the designed oligos, sequences may
bind to unintended probes. The formation of secondary structure and fragmenta-
tion of the sample RNA are particularly problematic in this regard. Well designed
oligos are a prerequisite to avoid too much cross-hybridization [Leparc et al., 2009].

Further causes of variation can include differences in the amount of reactants between
samples, spatial variations in hybridization efficiency, and artefacts from contamination
or washing steps. Also, variation in the production of the array, such as differences
between print tips, can influence the fluorescence signal. Today, most of these technical
factors can be controlled by sound oligo design, microarray production, hybridization,
and normalization methods. However, purely biological signal variations exist, which
reflect fluctuations between individuals or colonies, or random fluctuations within one
individual or colony. Gene expression is very sensitive, reacting to rather minor changes
in the environment of the organism, and leading to significantly biased results. The
only solution to this dilemma is a sufficient amount of randomized biological replicates
[Breitling, 2006]. How many replicates are sufficient is in practice mainly a function of
the available resources and therefore often rather limited.

Microarray analysis starts with image analysis, where fluorescence signals are scanned
and the pixel intensities are converted into probe-level data. In the second step, the
quality of the arrays is assessed using key values like signal to noise ratio and data visu-
alization. This step is very important in order to exclude bad arrays from the analysis
or to flag outliers. Lower level analysis consists of background adjustment and normal-
ization [Gentleman et al., 2005]. It is assumed that the intensity of a spot is comprised
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of the fluorescence signal of the target (foreground signal) and non-specific fluorescence
from other sources (background signal). To remove this bias, it has been common prac-
tice to measure and remove the background signal [Smyth et al., 2003]. However, this
approach has also disadvantages. Subtracting the background will increase the variance
of the expression values and distort the biological signal [Scharpf et al., 2007]. Addition-
ally, it introduces processing problems, if the signal value falls below zero. The ultimate
goal in microarray processing, and the main reason why raw array data is normalized, is
to preserve the biological signal, while removing technical bias and random fluctuation.
There exist a multitude of methods for microarray normalization, and the decision con-
cerning which to apply depends on the biological question, and the sources of bias or
noise in the data. A good summary of existing normalization procedures can be found
in Steinhoff and Vingron [2006]. Many of the most commonly used microarray normal-
ization methods are unsupervised methods, which means they do not utilize additional
information about the study, but work with descriptive properties of the expression val-
ues. Some supervised procedures have also been developed, and apparently show better
results than unsupervised methods. However, the results strongly depend on the knowl-
edge of the factors influencing the study and the quality of the model that is created
using these factors [Mecham et al., 2010]. Therefore, they depend on the close interac-
tion between experimentalist and data analyst or an excellent documentation about the
various factors influencing the study. The last step in the basic analysis of microarrays
is the calculation of differentially expressed genes. The first indication of differential
expression is the fold change between the two samples, though it is statistically not
meaningful without the addition of a significance value which shows how reliable the
fold changes are [Miron and Nadon, 2006]. Therefore, it is advisable to use a method
that calculates some form of significance value like a t- or F-statistic. Gene expression
data consists of many thousand genes that need to be tested with just a few replicates.
Additionally, groups of co-expressed genes lead to correlation in the data. Under such
conditions, not controlling the type I error rate would result in a large amount of false
positives. While stringent multiple testing corrections work well to reduce the type I er-
ror, they also reduce the power of the test, increasing the false negative rate. Depending
on the focus of the study, both can be of importance. For biotechnological questions,
the less conservative approach of controlling the false discovery rate (FDR) is usually a
better choice [Reiner et al., 2003]. A comparison of commonly used statistics to generate
differentially expressed gene lists can be found in Jeffery et al. [2006].

Interpreting long lists of genes is not an easy task and often leads to a confusing and
fragmented picture of the biological system. The introduction of a threshold value makes
the gene lists shorter, though this arbitrarily chosen cutoff does not reflect the fact that
genes act in functional groups and are not independent of each other. Hence, higher
level analysis is applied to reduce the complexity of the data, and detect underlying
patterns. The techniques for higher level analysis can be separated into supervised
methods, which use information about a pre-existing classification, and unsupervised
methods, for which only the expression data itself is needed. Class prediction studies,
like for example finding a predictor to distinguish between healthy and sick patients,
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primarily work with the first approach. Class discovery studies, like finding coexpressed
genes, use the second approach [Raychaudhuri et al., 2001; Tarca et al., 2006]. The most
common unsupervised method in microarray analysis is clustering. In clustering, genes
with a similar expression profile are grouped together based on a distance metric (e. g.
euclidean distance) [Chipman and Tibshirani, 2006]. It is important to use caution when
interpreting clustering results, since there is no guarantee that the emerging pattern
represents biologically relevant information. On the other hand, the data separation can
be a good basis for the detection of overrepresented regulatory motifs. Another group
of higher level analysis can be summarized as functional profiling, and deals with the
enrichment of certain biological processes or pathways in a previously selected set of
genes. The classical approach consists of a gene selection step, and a step, in which the
enrichment is tested against a background to determine significance (e. g. Fisher’s exact
test). In the majority of cases, the gene selection is based on differential expression. Since
this method is also based on an artificially selected gene list, it has the drawback that
it misses functional relations in the rest of the genes below the cutoff. Gene set analysis
(GSA) circumvents this disadvantage by using the whole gene set, and testing if certain
annotation modules are grouped at the extreme of a ranked gene list [Dopazo, 2009].
The module annotation used in most studies is either Gene Ontology (GO) [Ashburner
et al., 2000] or Kyoto Encyclopaedia of Genes and Genomes (KEGG) [Kanehisa and
Goto, 2000], but can in principle be freely chosen.

Transcriptomics data are very useful but, when considered in isolation, they can not
give a comprehensive picture of a system’s status. Many of the functions in a cell
are predominantly regulated through other processes, like post translational protein
modification, or signalling cascades. The measurement of proteins, metabolites, and
fluxes are necessary to understand the system in its totality [Graf et al., 2009]. If
a metabolic network for the system in question or a closely related one exists, the
measurements can be placed into an even better physiological context. Biocyc represents
a tool to map transcriptomics or proteomics data on an existing metabolic network,
facilitating a pathway oriented interpretation of the measurements [Caspi et al., 2007].

1.4 Metabolic Models

For many years, modelling and simulation techniques have been successfully used in
various, but mainly technical fields. Typical applications are, the improvement of the
performance of a system, and the prediction of its behaviour under specific conditions.
Biotechnology pursues the same objectives with relation to biological systems, but the
utilization of mathematical modelling in the biological sciences was hampered by techno-
logical shortcomings, and our lack of system-wide knowledge. Therefore, earlier models
were solely based on biochemical characterization of enzymes, and available literature,
limiting the models in scope, and confining them to well known pathways [Kim et al.,
2008]. The development of high-throughput technologies enabled a system-wide analy-
sis of genes, proteins and metabolites. Subsequently, whole genome models became the
emphasis of the emerging field of Systems Biology. Today genome-scale models exist
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for several organisms, of which the models for S. cerevisiae and E. coli are the most
comprehensive [Nookaew et al., 2008; Feist et al., 2007; Thiele et al., 2009].

The first step towards a novel metabolic model is the identification of all the molecular
constituents and their interactions. This information can be inferred from the genome
sequence based on its functional annotation. After a genome sequence becomes available,
coding sequences can be identified by gene-finding algorithms, and the putative genes
can be annotated through sequence homology. The annotation relies heavily on compar-
ison with information that is available in sequence, domain, and pathway databases. Lee
et al. [2005] and Feist et al. [2009] list a good selection of databases and software tools,
which are useful for model construction in microorganisms. There are some uncertainties
involved in this approach, and it is beneficial to manually curate the functional annota-
tion of the open reading frames (ORFs) [Feist et al., 2009]. Compartmentalization is an
important feature of the cell. It creates distinct environments, with conditions adapted
to the processes that take place inside such an organell. The functionality of proteins is
therefore closely related to their subcellular context. Protein localization studies [Huh
et al., 2003; Mattanovich et al., 2009a] can be used to determine possible interactions
between proteins and to place reactions in the right context, as well as to show in-
consistencies in the annotation. The biggest obstacle when building an in silico model
capable of predictions, is the parameterization. Many of the required parameters can
not be measured with state of the art technologies [Lee et al., 2005; Barrett et al., 2006].
Kinetic models have good predictive power, but are based on explicit enzyme-kinetic rate
equations. They also rely on good quantitative in-vivo measurements, which are still
scarce. Additionally, the computational complexity increases fast with the size of the
model, making this approach unfeasible for larger models [Steuer, 2007]. To circumvent
this drawback and still retain some predictive power, genome-scale models work with a
stoichiometric matrix, and use assumptions and constraints to reduce the solution space.
The stoichiometries for the matrix can be derived from the genome annotation, through
the gene to protein to reaction relationship. Resources like the Enzyme Commission
(EC) numbers classification5, are an invaluable tool for the translation of function into
biochemical reactions. Functions and pathways unique to the organism can only be
elucidated through extensive experimental work, but indications as to the existence of
such pathways can be drawn from gaps and inconsistencies in the model. When the
basic model is in place, it needs to be checked for ’dead ends’ or ’metabolic gaps’, and
validated with experimental data. Available omics data can be integrated to confirm
concentrations or interactions. 13C based flux measurements are especially valuable in
this context. Fluxes represent time dependent movements of metabolites through the
cell. Experimentally, they can not be measured directly, but have to be estimated us-
ing computer models. The models that are used in this approach, concentrate on the
central carbon metabolism, and often exclude pathways due to interpretability issues
[Sauer, 2006]. Usually, a 13C labelled substrate is fed to the cell, and the enrichment of
13C is measured with nuclear magnetic resonance (NMR) or mass spectrometry (MS).
Several studies explore metabolic fluxes in P. pastoris using the 13C method [Solà et al.,

5http://www.chem.qmul.ac.uk/iubmb/enzyme/

http://www.chem.qmul.ac.uk/iubmb/enzyme/
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2004, 2007; Carnicer et al., 2009; Heyland et al., 2010]. Whole genome networks greatly
benefit from the integration of experimentally validated flux rates, even if they can not
show the underlying reactions that led to the metabolic system response.

The prediction of growth phenotypes is one of the major uses of genome-scale metabolic
models. It is realized by constraints-based flux balance analysis (FBA), which is based
on a steady-state assumption around each metabolite, and an objective function that
defines the purpose of the system [Kim et al., 2008]. The optimization of growth rate is
an appropriate objective function for cells grown under energy limited conditions, but
it has also been shown that, under other conditions, other objective functions work as
well [Nielsen, 2007]. The fluxes through the stoichiometric model, under the selected
constraints, are then simulated by linear programming algorithms. With the addition of
a layer of Gene Protein Reaction (GPR), the effect of gene knockout or overexpression on
the phenotype can be explored. Algorithms, like minimization of metabolic adjustment
(MoMA) and regulatory on/off minimization (ROOM), assume that the metabolism in
the mutant is as similar as possible to the wild-type. This approach has been shown
to improve predictions in comparison to the optimal growth assumption used by FBA
[Durot et al., 2009].

Regulatory networks can not be represented in the same way as metabolic networks
due to their non-linear multivariate relationships. One approach to model regulatory
behaviour nonetheless, is to use control logic functions [Price and Shmulevich, 2007].
The algorithms to implement the control logic functions range from Boolean formalism,
wherein each component has an on/off state and the relation between the components is
described by a Boolean function, to Bayesian networks, which are based on probabilistic
graphical models [Schlitt and Brazma, 2005; Price and Shmulevich, 2007]. At the mo-
ment, great effort is being made to implement transcriptional and translational processes
into the genome-scale model, but since these processes are different for each expressed
protein, and because protein biosynthesis is highly interconnected with metabolic as
well as regulatory processes, the implementation of transcription and translation into a
whole genome model is a challenging task. At the present time, the only model that
incorporates protein biosynthesis is the model of E. coli [Thiele et al., 2009].
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2 Materials and Methods

This section only deals with materials and methods used in the microarray analysis
pipeline since it is unpublished work. For the other topics, materials and methods are
described in the respective publication.

The R programming language6, provides a free open source software environment for
statistical computing and graphics. R is based on the commercial programming language
S but its source code is freely available under the GNU General Public License [Dudoit
et al., 2003].

Bioconductor is a development software project for the analysis and comprehension of
genomic data, using the computing environment R. The broad goals of the project are
to provide access to a wide range of statistical and graphical methods for the analysis
of genomic data, the integration of biological meta data and the fast development of
software [Gentleman et al., 2004].

The microarray analysis pipeline was written as an in-house solution for Agilent 2-
colour expression microarrays but can be adapted to other platforms by changing the
input function. It consists of a set of R-scripts which can be run by calling a wrapper
function with a targets file list and the experiment name as parameters. Additionally,
it must be specified if the experiment was a reference or a direct design.

The following packages were used in the microarray analysis pipeline:

limma: The package is designed for differential expression analysis of microarray data.
It deals with complex experimental setups, contains a variety of pre-processing
and normalization methods and uses linear models and empirical Bayes methods
to calculate differentially expressed genes [Smyth, 2004].

marray: Class definitions and associated methods to process pre- and post-normalization
intensity data from microarrays.

vsn: A package to pre-process microarray intensity data. It calibrates the data and
performs variance stabilization [Huber et al., 2002]. The package compatible with
the limma framework.

gsa: Performs gene set analysis, using pre-defined gene groups and a gene expression
value.

6http://www.r-project.org/

http://www.r-project.org/
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3 Results

To be able to use a Systems Biology approach in the work with Pichia pastoris, it
was essential to develop, and establish the necessary omics tools. Unfortunately, in the
beginning of this work, no public genome sequence of P. pastoris was available, and the
NCBI contained only 173 nucleotide and 245 amino acid sequences. A commercial draft
sequence of P. pastoris provided by Integrated Genomics7 (IG), which consisted of 474
contigs and 5,425 putative genes, could be obtained. For the development of the first
whole-genome expression microarrays, the IG contigs were used to predict additional
open reading frames (ORFs), and design oligos for the microarray platform Agilent
[Graf, 2007]. Through this process, it became clear that a publicly available P. pastoris
sequence was needed to be able to fully explore the possibilities the omics methods could
offer. Therefore, the sequencing project of P. pastoris strain DSMZ 70382 was started.

The sections one to three of this chaper shortly describe the main results for the
different topics of this work. The last section describes my contribution to those parts
of the project that are still unpublished. For all published work my contribution is
mentioned before listing the respective papers (see page 42, 57 and 82).

3.1 Pichia pastoris DSMZ 70382 Genome Sequence

Sequencing and assembly of P. pastoris strain DSMZ 70382 was conducted by GATC
Biotech AG8. The selected platform was the new 454 system (Roche GS FLX-Titanium
Series) with a read length of 400 bases. To examine the sequencing quality, all P. pas-
toris genes available from the NCBI were blasted against the assembly. Unfortunately,
it was found that about one third of the genes had frameshifts, mostly due to homopoly-
mer repeats. This is a known problem of the 454 technique, but was reported to be
manageable in literature [Margulies et al., 2005; Droege and Hill, 2008]. As it was found
to be beneficial for de novo assemblies to combining different NGS techniques [Metzker,
2010], an additional Illumina paired-end run was used to improve the sequence quality.
The draft genome consisted of 326 contigs, with the largest contig being 419 475 bases,
and the smallest 128 bases. Using the paired-end data, the number of contigs could be
reduced to 317, and 125 of these could be aggregated into 38 supercontigs. At the same
time, the genome of the P. pastoris strain GS115 was sequenced by the group of Nico
Callewaert in Ghent [De Schutter et al., 2009]. An alignment of the strain DSMZ 70382
and the strain GS115, visualized in figure 3, showed a chromosome rearrangement, with
parts of chromosome III being transferred to chromosome I, and parts of chromosome IV
being transferred to chromosome II (unpublished data). This confirms the chromosome
polymorphism that was published by Ohi et al. [1998] between the P. pastoris strain
DSMZ 703829 and the strain GS115. With a genome size of 9.4 Mb, P. pastoris belongs

7http://www.integratedgenomics.com
8http://www.gatc.com
9In the work of Ohi et al. [1998] the Komagataella pastoris type strain DSMZ 70382 is named ATCC

28485 and corresponds to the NRRL Y-1603 strain.

http://www.integratedgenomics.com
http://www.gatc.com
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Figure 3: Mapping of the contigs of P. pastoris strain DSMZ 70382 to the chromosomes of strain
GS115. The boxes indicate supercontigs (scaffolds) and the red lines chromosome re-
arrangements between the two strains

to the yeast organisms with smaller genome size. The GC content in the whole genome
was 41.34% and in the coding regions it was slightly higher with 41.90%. In comparison,
S. cerevisiae has an overall GC content of 38%10. An analysis of rDNA showed that the
35S rDNA cluster is present on each of the four chromosomes, and that the 5S rDNA is
dispersed, which has already been noted in Dujon [2010] for the GS115 strain. The P.
pastoris strain from IG and the strain GS115 belong to the species K. phaffi [Kurtzman,
2009] and the strain DSMZ 70382 is the type strain of the species K. pastoris.

10http://www.ncbi.nlm.nih.gov/sites/entrez(September 2010)

http://www.ncbi.nlm.nih.gov/sites/entrez


3.1 Pichia pastoris DSMZ 70382 Genome Sequence 21

3.1.1 Functional Annotation

Gene finding in yeast is not as complex as in higher eukaryotes, but due to the compact
genome, most gene finders overpredict the number of intron containing genes as well as
the number of introns per gene. For this project, the prokaryotic gene finder Glimmer3
[Delcher et al., 2007] and the eukaryotic gene finder Augustus [Stanke et al., 2008]
were used to predict open reading frames. The resulting gene set was then annotated,
using a reciprocal protein BLAST [Altschul et al., 1990], and Interproscan [Zdobnov
and Apweiler, 2001]. Protein families that share a high similarity can not be properly
annotated with the reciprocal best hit strategy. Especially proteins involved in transport
and gene regulation (transcription factors) were found to pose a problem. Francke et al.
[2005] report a similar problem for the functional classes transport and signalling, as well
as processes related to carbohydrate and amino acid conversion in bacteria. To improve
the quality of in-silico gene prediction and annotation, the putative genes were manually
curated. From the comparison to S. cerevisiae, it was clear that the Komagataella
group was separated before the gene duplication event occured in the subphylum of
Saccharomycotina. Nonetheless, the number of genes is comparable to S. cerevisiae,
pointing to metabolic differences between the two species, of which one example is of
course the methanol pathway that does not exist in the model yeast.

The amino acid distribution (figure 4) was compared between P. pastoris strain DSMZ
70382, strain GS115, S. cerevisiae, and E. coli. As expected, no differences can be seen
between the P. pastoris strains and the distribution follows the same pattern as S.
cerevisiae, but differs considerably from E. coli. Figure 5 on page 23 shows the codon
usage of both P. pastoris strains, listing the total number the particular codon occurs in
the gene set (N), the codon frequency per thousand (fpt), and the relative synonymous
codon usage (RSCU), which describes the number of times a particular codon is observed
relative to the number of times that the codon would be observed in the absence of any
codon usage bias [Sharp et al., 1986]. It is clearly visible that the ftp and RSCU are
quite similar between the two strains. They are, however, different from the data in the
codon usage database on http://www.kazusa.or.jp/codon/11. The small number of
coding sequences (137), from which the values in the database were calculated, could
be an explanation for the deviance. The additional information gained by analysing
the putative genes with regard to their codon content can, for example, help to identify
dubious ORFs or be correlated to expression patterns.

For heterologous protein production, it is beneficial if an organism secretes only low
amounts of endogenous protein into the medium. Proteases in particular are problematic
because of their potential proteolytic activity on the product. Using motif and homology
based prediction programs, 88 of the putative genes of the strain DSMZ 70382 were
identified as secreted. The experimentally determined secretome of P. pastoris on glucose
consisted of only 28 genes, none of which were proteases. This discrepancy is partly
due to the specific growth conditions, which could not be taken into account in the
in silico prediction. However, it was also evident that the programs have difficulties

11Last viewed September 2010

http://www.kazusa.or.jp/codon/
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Figure 4: Average frequency of amino acids per protein for each P. pastoris strain (DSMZ 70382 and
GS115), S. cerevisiae, and E. coli

distinguishing between secreted and ER/Golgi resident proteins, emphasising the need
for experimental validation of in silico predictions. The comparatively low amount of
naturally secreted proteins, and the absence of proteases in the culture media, highlight
the advantages of the P. pastoris expression system in a glucose cultivation. P. pastoris
is known to be a Crabtree-negative yeast, giving it the advantage of reaching high
cell densities in cultivations. An investigation of sugar transporters confirmed that, in
contrast with the 20 hexose transporters in S. cerevisiae, only 2 low affinity and 2 high
affinity glucose transporters are present in P. pastoris. Interestingly, 4 genes exhibit
similarity to glycerol transporters from K. lactis and Y. lipolytica. The large number
of glycerol transporters result in a high glycerol uptake, and accordingly the specific
growth rate of P. pastoris on glycerol is analogous to its growth rate on glucose.

3.1.2 Genome Browser

The genome browser for P. pastoris is based on the Generic Genome Browser (GBrowse)
[Stein et al., 2002] and is available under http://www.pichiagenome.org. A postgres
database was implemented, containing location information of all genes mapped on the
respective contigs. The browser includes an overview of each contig, with zoom and
search functions. Genomic, transcript and exon sequence as well as gene annotation
information are available on a detail page for each gene. A WU-BLAST search and the
domain search CDART as well as precalculated Interproscan pages were implemented
[Redl, 2008; Mattanovich et al., 2009b]. The data of strain DSMZ 70382 as well as the
strain GS115 are available in the genome browser.

http://www.pichiagenome.org
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Figure 5: [A] Codon Usage of strain DSMZ 70382 and, [B] strain GS115 ; N = occurrences in total
genes, fpt = frequency per thousand, RSCU = Relative Synonymous Codon Usage



3.2 Establishment of Pichia pastoris Expression Microarrays 24

3.2 Establishment of Pichia pastoris Expression Microarrays

The first P. pastoris expression microarrays were designed based on the commercial
genome sequence by IG [Graf, 2007]. The existing gene prediction was validated, and
additional ORFs were predicted and functionally annotated. The thresholds of the gene
finder were deliberately set to be low, so that the filtering procedure could be better
controlled. Oligos were designed for 17,161 ORFs and evaluated in a self hybridization
experiment. Based on the results from this experiment, the prediction score, and the
gene annotation, a final gene set was selected. Oligomere probes for 15,035 ORFs could
be designed. After preliminary hybridizations, a new generation of microarrays was
developed, and validated in a study about the effects of dithiothreitol (DTT) treatment
and HAC1 overexpression on protein production [Graf et al., 2008]. The study was a
direct comparison of wild type against mutant in the case of HAC1, and untreated against
treated state in the case of DTT. Both factors are known to influence the unfolded protein
response (UPR), a cellular process with an important role in the secretion of recombinant
protein. For the analysis of differential expression a microarray analysis pipeline was
developed. The analysis pipeline was designed for Agilent Feature Extraction (FE)
output files, but can be easily adapted to other 2-colour platforms. Agilents FE also
performs preprocessing of the data, though it has been reported that the variability of
these values is significantly large,r as compared to loess normalized raw data [Zahurak
et al., 2007; Kerr, 2007]. For higher level analysis, a Fisher’s exact test and a gene
set analysis (GSA) were implemented. As already mentioned in the introduction, both
methods have their advantages and disadvantages that need to be taken into account
when interpreting the results. The software can be used for direct (mutant vs. wild
type) designs as well as reference designs, and consists of three parts (figure 6). The
aim of the first step is to check the quality of the microarrays, and analyze the effects of
data preprocessing and normalization steps. The quality plots available are, false colour
plots, scatterplots, MA-, density-, QQ- and volcano-plots. The background correction
and normalization procedures that are compared in this step are listed in Figure 7.
Most normalization methods assume that the majority of genes is not differentially
expressed, and react more or less sensitive to the violation of this assumption. Therefore,
the percentage of differentially expressed genes is calculated from the raw data and
additionally estimated using the R function convest.

Based on the first step, a background correction and normalization procedure can be
selected for the second step, in which gene expression fold changes and p-values are cal-
culated using the eBayes method from the limma package. Multiple testing correction
is done using the FDR controlling method of Benjamini and Yekutieli (BY). The third
step analyses the enrichment of differentially expressed data for a Gene Ontology (GO)
group. The GO categorizes biological function, molecular process, and cellular compo-
nent attributed to proteins into groups. The classes and their relations are represented
as a directed acyclic graph (DAG), where the most general terms are at the root growing
more specific with each subsequent level. The decision which level of the DAG to use in
the analysis has an impact on the results of the GSA [Dopazo, 2009]. For the gene set
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Figure 6: Steps in the microarray analysis pipeline with input and output data

analysis used in the microarray pipeline, the GOSlim Terms for biological process from
the Saccharomyces Genome Database (SGD) were used, with the addition of medium
level groups for terms related to protein secretion and stress response pathways12 This
represnets a compromise between very general GO terms, containing a large number
of proteins, which increases the statistical power, and more specific terms, to better
determine the particular effect of the study.

The P. pastoris microarrays and the microarray analysis pipeline were utilized in
the GENOPHYS project. This international research cooperation studies the produc-
tion of a heterodimeric protein in different host organisms, under several physiological
conditions. For the GENOPHYS study, the antibody fragment Fab 3H6 was chosen for
recombinant production. Fab fragments are of considerable medical interest, and consist
of a full antibody light chain and a shorter antibody heavy chain, linked by a disulfide
bond. The factors tested in P. pastoris were, temperature, osmolarity [Dragosits et al.,
2010] and oxygen [Baumann et al., 2010]. For each factor, three conditions were tested
(low, normal and high) and compared to each other as well as between producing and
non-producing strain. For each condition and strain, the growth rate and the specific
production was measured. Samples were analysed regarding transcriptome and pro-
teome changes. For the expression microarrays six replicates were used, including dye
swap. After examination of the data, it was decided to use no background correction,
as it increased the noise in the data, and Zahurak et al. [2007] reports a slightly better
AUC value without background correction for Agilent two-color data. The quality plots

12A full list of the used GO terms can be found in the appendix.
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Figure 7: Background correction and normalization methods in the microarray analysis pipeline

showed a clear dye effect, which made loess normalization the appropriate choice. Ad-
ditonally the aquantile method was used to normalize between arrays. The proteome
analysis consisted of 2D-DIGE and LC-ESI-MS/MS for protein identification. The study
was complemented by metabolic flux calculations performed by the group of Pau Ferrer
in Barcelona. The results showed a beneficial effect of low temperature and low oxygen
levels on the specific production of Fab 3H6 in P. pastoris. When trying to determine
the underlying cause of this advantage, differences between transcriptome and proteome
analysis highlighted the influence of post-transcriptional regulation in certain pathways,
like the TCA cycle [Dragosits et al., 2009; Baumann et al., 2010]. The effects of osmo-
larity on P. pastoris were more pronounced in the control strain, but no clear effect on
protein production was found [Dragosits et al., 2010].

3.3 Genome-Scale Metabolic Model

With a sequenced and annotated genome as well as established transcriptomics [Graf
et al., 2008] and proteomics [Dragosits et al., 2009] tools, the next step towards Systems
Biotechnology could be taken. The construction of the initial genome-scale metabolic
model was done based on the gene to protein to reaction relationship, but to create a
model capable of sensible predictions about the behaviour of the system, it was essential
to include as much information about the physiological characteristics of the organism
as possible. In the model for P. pastoris, the annotation was complemented with data
from literature and public database, but also with experimental data from fed batch
and chemostat cultivations under various conditions. The basis used for model con-
struction was the genome and annotation of the P. pastoris strain DSMZ 70382, with
5,407 putative genes [Mattanovich et al., 2009a]. Additionally, the published genome
and annotation of the strain GS115, with 5,313 putative genes [De Schutter et al., 2009]
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was included. In both strains, about 75 % of the genes could be functionally annotated,
and 96.5 % of the predicted ORFs are present in both genomes. The average identity
of homologous proteins between the GS115 and the DSMZ 70382 strain was 93.7% on
amino acid level. The genome-scale metabolic model PpaMBEL1254 comprises 1,254
metabolic reactions, of which 9.4 % are essential, and 1,147 metabolites. PpaMBEL1254
is compartmentalized into 7 cellular compartments and the cell exterior, which is also
treated as a compartment. The gene coverage of 540 genes represents 9.9 % of the
gene set. In comparison with existing models of S. cerevisiae, the P. pastoris model
has a similar number of reactions and metabolites. The gene coverage in S. cerevisiae
is higher, reflecting the large number of isogenes present in S. cerevisiae due to the
gene duplication event [Herrero, 2005]. Also, the present information about P. pastoris
can not match the exhaustive knowledge base that has been generated for the model
organism over the years. For the analysis of heterologous protein production, protein
synthesis was included into the model. Subsequently, the production of two heterologous
proteins, the secreted HSA and the intracellular hSOD, was simulated and analysed un-
der oxygen limitation. The maximal oxygen transfer rate is an important and limiting
factor in large scale high density cultivations. Also, studies indicated beneficial effects
of hypoxic conditions on the fermentation process and an increase in productivity for
P. pastoris grown on glucose [Baumann et al., 2008, 2010]. To simulate the effect of
oxygen limitation with the model, a flux variability analysis was carried out. The in-
crease in productivity under oxygen limitation could be confirmed, but additionally, the
simulation showed that HSA and hSOD had different optima and reacted with different
sensitivity to the changes in oxygen level and growth rate. Shortly after the publication
of Sohn et al. [2010], another model of the same organism was presented by Chung et al.
[2010]. This model (iPP668) contains 1,361 reactions, 1,177 metabolites and 668 genes.
While the work with the PpaMBEL1254 concentrated on the enhancement of protein
production in P. pastoris when grown on glucose, Chung et al. [2010] focused on the
production of metabolites on methanol and examined the biocatalytic potential of P.
pastoris. It will be interesting in the future to compare these models moving towards an
improved representation of the cellular factory P. pastoris.

3.4 Authors’ Contribution

Much of the work presented here was made possible through the jont effort of many
people. All experimental microarray work was performed by Martin Dragosits and
Kristin Baumann. Several people from the Mattanovich lab had a part in the manual
curation of the putative genes of P. pastoris. Brigitte Gasser contributed in many ways
to this work, especially with regard to the biological interpretation of the data. The
genome browser for P. pastoris was implemented by Andreas Redl in the frame of his
diploma thesis and the metabolic model was created together with the group of Sang
Yup Lee from the KAIST in Korea.

Of all the work presented here, the development of the microarray pipeline and the
comparison of the two P. pastoris strains has not been published yet. The microarray
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analysis pipeline, as described in section 3.2 on page 24 (and following), was conceived
and implemented by me as an in-house solution for the analysis of transcriptomics data.
The transcriptomics platform and the microarray analysis were validated in Graf et al.
[2008], and subsequently improved to make the analysis more flexible user friendly.
The microarray analysis pipeline was then applied in the transcriptomics part of the
GENOPHYS project for the organisms S. cerevisiae and P. pastoris, as documented
in Dragosits et al. [2010] and Baumann et al. [2010]. For the comparison of the two
sequenced P. pastoris strains, I mapped the genomes against each other using various
alignment methods, resulting in a chromosome map, which is visualized on page 20. As
shown in figure 4 on page 22 and figure 5 on page 23, I also compared the codon usage
and the amino acid composition of the predicted proteins between the two strains. It
will be interesting to do a more detailed genome comparison in the future, to elucidate
the differences and similarities of these two organisms.
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4 Conclusion

The availability of expression microarrays facilitated a comprehensive study of gene ex-
pression in P. pastoris, revealing changes in to date unexpected pathways. Furthermore,
comparisons of the proteomics and transcriptomics analysis clearly support the need
for a Systems Biology approach. Each method on its own has certain strengths and
weaknesses and is biased towards certain pathways. Integrative analysis of omics data
increases the power of a study and improves our knowledge about biological systems
considerably. With the availability of the genome sequence of by now several P. pas-
toris strains, a basis for many high-throughput technologies is provided. Furthermore,
it is now possible to use the genome as a reference for mutational profiling, RNA-seq or
ChIP-seq studies. Apart from the purely scientific interest of understanding how this
organism works, the genome annotation will help to elucidate functions and pathways
that can be targeted in metabolic engineering. Without the need to rely on the com-
parison to S. cerevisiae, it will be easier to discover and characterize specific features of
this highly interesting cell factory. Genome-scale models have already been utilized with
great success to improve production in microorganisms and broaden the product range.
The availability of a metabolic model enables researchers to save resources by focusing on
the most likely targets, using a primarily hypotheses driven approach. P. pastoris is now
one of a few eukaryotic organisms for which such a genome-scale model exists. The first
simulation to investigate the effect of oxygen limiting conditions on the production of
two heterologous proteins was already successful and will help in the design of optimized
fermentation strategies. Metabolic engineering will benefit greatly from the capability of
the model to predict knockout or overexpression targets for the improvement of protein
or metabolite production. Though the work on the model is not completed, each round
of prediction and validation steps will increase our knowledge about the organism and
its behaviour and in turn improve the quality of the genome-scale metabolic model of
P. pastoris.
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5.1 Abbreviation

2D-DIGE 2-D DIfference in Gel Electrophoresis
AUC Area Under the Curve (from ROC-curve)
BLAST Basic Local Alignment Tool
ChIP Chromatine Immuno Precipitation
DAG Directed Acyclic Graph
DTT Dithiothreitol
EC Enzyme Commission
FBA Flux Balance Analysis
FDR False Discovery Rate
FE Feature Extraction software by Agilent
GO Gene Ontology
GPR Gene Protein Reaction
GSA Gene Set Analysis
HSA Human Serum Albumin
hSOD human Superoxide Dismutase
KEGG Kyoto Encyclopedia of Genomes and Genes
LC-ESI-MS Liquid Chromatography-Electrospray Ionization-Mass Spectrometry
MoMA Minimization of Metabolic Adjustment
MS Mass Spectrometry
NGS Next Generation Sequencing
NMR Nuclear Magnetic Resonance
ORF(s) Open Reading Frame(s)
PCR Polymerase Chain Reaction
ROC Receiver Operating Characteristic
ROOM Regulatory On Off Minimization
RSCU Relative Synonymous Codon Usage
SMRT Single Molecule Real Time
SNP Single Nucleotide Polymorphism
TRAC TRanscript analysis by aid of Affinity Capture
UPR Unfolded Protein Response
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5.2 GO Terms

GO number Biological process

GO:0000746 conjugation
GO:0000910 cytokinesis
GO:0006091 generation of precursor metabolites and energy
GO:0006259 DNA metabolic process
GO:0006350 transcription
GO:0006399 tRNA metabolic process
GO:0006412 translation
GO:0006457 protein folding
GO:0006464 protein modification process
GO:0006468 protein amino acid phosphorylation
GO:0006486 protein amino acid glycosylation
GO:0006519 cellular amino acid and derivative metabolic process
GO:0006725 cellular aromatic compound metabolic process
GO:0006766 vitamin metabolic process
GO:0006810 transport
GO:0006811 ion transport
GO:0006839 mitochondrial transport
GO:0006897 endocytosis
GO:0006950 response to stress
GO:0006970 response to osmotic stress
GO:0006974 response to DNA damage stimulus
GO:0006979 response to oxidative stress
GO:0006986 response to unfolded protein
GO:0006997 nuclear organization and biogenesis
GO:0007005 mitchondrion organization and biogenesis
GO:0007010 cytoskeleton organization and biogenesis
GO:0007029 ER organization and biogenesis
GO:0007031 peroxisome organization and biogenesis
GO:0007033 vacuole organization and biogenesis
GO:0007034 vacuolar transport
GO:0007049 cell cycle
GO:0007059 chromosome segregation
GO:0007114 cell budding
GO:0007124 pseudohyphal growth
GO:0007126 meiosis
GO:0007165 signal transduction
GO:0009408 response to heat
GO:0009409 response to cold
GO:0015031 protein transport

continued on next page...
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GO number Biological process

GO:0016044 cellular membrane organization
GO:0016050 vesicle organization and biogenesis
GO:0016070 RNA metabolic process
GO:0016071 mRNA metabolic process
GO:0016072 rRNA metabolic process
GO:0016192 vesicle-mediated transport
GO:0016567 protein ubiquitination
GO:0016568 chromatin modification
GO:0016570 histone modification
GO:0019725 cellular homeostasis
GO:0030435 sporulation resulting in formation of a cellular spore
GO:0031505 fungal-type cell wall organization
GO:0032196 transposition
GO:0032989 cellular component morphogenesis
GO:0042221 response to chemical stimulus
GO:0042254 ribosome biogenesis
GO:0042594 response to starvation
GO:0043543 protein amino acid acylation
GO:0044255 cellular lipid metabolic process
GO:0044257 cellular protein catabolic process
GO:0044262 cellular carbohydrate metabolic process
GO:0045333 cellular respiration
GO:0046483 heterocycle metabolic process
GO:0048193 golgi vesicle transport
GO:0051169 nuclear transport
GO:0051186 cofactor metabolic process
GO:0051276 chromosome organization and biogenesis
GO:0070271 protein complex biogenesis
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Abstract

Systems biotechnology has been established as a highly potent tool for bioprocess

development in recent years. The applicability to complex metabolic processes

such as protein synthesis and secretion, however, is still in its infancy. While yeasts

are frequently applied for heterologous protein production, more progress in this

field has been achieved for bacterial and mammalian cell culture systems than for

yeasts. A critical comparison between different protein production systems, as

provided in this review, can aid in assessing the potentials and pitfalls of applying

systems biotechnology concepts to heterologous protein producing yeasts. Apart

from modelling, the methodological basis of systems biology strongly relies on

postgenomic methods. However, this methodology is rapidly moving so that more

global data with much higher sensitivity will be achieved in near future. The

development of next generation sequencing technology enables an unexpected

revival of genomic approaches, providing new potential for evolutionary engineer-

ing and inverse metabolic engineering.

Introduction

The unexpectedly fast progress in genome sequencing over

the last decade has provided an invaluable source of

information on the physiology of microorganisms, includ-

ing a comprehensive overview on cellular endowment with

metabolic enzymes. Simultaneously, metabolic modelling

has been developed and applied to the mathematical de-

scription of the central metabolic processes of bacteria

(Edwards & Palsson, 2000) and yeast (Förster et al., 2003).

Together with extensive work on genomic data to address

ideally all metabolic processes of a cell, these metabolic

models led to the concept of systems biology (Westerhoff &

Palsson, 2004). Several systems biology models of Sacchar-

omyces cerevisiae have previously been described and re-

cently unified to one comprehensive model (Herrgård et al.,

2008, and references therein). To acquire data for dynamic

modelling, postgenomic analyses at the transcriptomics,

proteomics and metabolomics level are implemented.

These models offer the opportunity to predict cellular

processes and are therefore regarded as highly valuable

resources for strain optimization. Since 1990, the concepts

of metabolic engineering have been developed and applied

as the knowledge-based improvement of cell factories using

genetic engineering (Bailey, 1991; Nielsen, 2001). Extending

the concepts of metabolic engineering to a broad system

basis has led to the conception of systems biotechnology

(Lee et al., 2005; Nielsen & Jewett, 2008). While systems

biology aims ideally at the global understanding and model-

ling of the entire cellular network of reactions, systems

biotechnology will rather accept gaps in the description of

cellular processes, as long as the processes related to product

formation can be mapped. The systems biotechnology

approach can be seen as an iterative, cyclic process, integrat-

ing high throughput data generation with metabolic model-

ling and production strain optimization (Fig. 1).

The concepts of metabolic engineering were initially

mostly applied to the production of metabolites. In 2000,

heterologous proteins were introduced as a new class of

products to be addressed by metabolic engineering (Oster-

gaard et al., 2000). It is obvious that the complexity of the

protein production and secretion process (Fig. 2) renders it
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much more challenging to be addressed by tools of rational

and quantitative analysis, as summarized in Table 1.

In cases where the genetic traits controlling complex

cellular responses are not known, researchers have applied

random mutagenesis and selection schemes to engineer

metabolic pathways by modifying enzymes, transporters or

regulatory proteins. This method has been termed evolu-

tionary engineering (Sonderegger & Sauer, 2003), but its

application to protein production is not straight forward as

protein overexpression is usually not advantageous for the

cell. Single cell sorting of large cell populations may be

applied to overcome this limitation (Mattanovich & Borth,

2006). However, as the changes are not directed, it is often

difficult to determine the genetic modification that is

responsible for the improvement (Nevoigt, 2008). Under-

standing the biological system as a whole greatly facilitates

the rational understanding of such mutants. Genome-wide

analysis methods also made another biotechnological ap-

proach, namely inverse metabolic engineering (Bailey et al.,

1996), much more feasible, where phenotypic differences

serve as the basis for elucidating genetic modifications

needed to optimize production strains (Bro & Nielsen, 2004).

Yeasts are attractive hosts for production of heterologous

proteins (Porro et al., 2005). However, a number of bottle-

necks and stress factors limit the full potential of this class of

organisms (Mattanovich et al., 2004), and systems biotech-

nology will offer new opportunities for modelling, analysis

and optimization of protein production systems. In the

Table 1. Challenges for systems biotechnology research for heterologous protein production

Key elements for systems biotechnology Challenges faced in protein expression and secretion

Metabolites and enzymes Molecular players only partly defined

Metabolic pathways Pathways less clear than those for metabolic processes

Stoichiometry of metabolic reactions Stoichiometry difficult to define

Metabolic fluxes Fluxes and concentrations of participating ‘metabolites’ difficult or not yet measurable

Fig. 1. The systems biotechnology circle. A

primary production strain is cultivated under

relevant conditions. Omics methods feed models,

which aid the design of strain engineering and

screening of new, improved strains. Random

mutagenesis serves to increase variability,

which can also be achieved by evolutionary

engineering.

Fig. 2. Protein synthesis and secretion in

eukaryotic cells. Pathways and key ‘metabolic’

processes of secreted proteins are indicated,

including unproductive steps such as degradation

or aggregation. These pathways should serve as a

basis for the development of a model of the

protein production and secretion process.
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following we will describe the applications of systems

biotechnology to yeasts with a strong emphasis on hetero-

logous protein production, highlighting work on other

classes of host organisms also, and provide an outlook as to

where the development and integration of new methodol-

ogy can lead this field.

Impact of systems biology on yeast
biotechnological processes

Systems biology is not a purely academic research area as the

quantitative description of microbial production cell lines is

also already of interest for biotechnological industry. As

pointed out before, yeasts producing heterologous proteins

have rarely been investigated on a systems level so far, while

the importance of systems biotechnology for industrial

applications others than protein production has been well

documented in the recent years (Pizarro et al., 2007; Takors

et al., 2007; Mukhopadhyay et al., 2008). These applications

span mainly the production of primary metabolites such as

amino acids, alcohols or organic acids, often employing

bacteria as production hosts. Global analysis of the host cell

metabolism can help to improve the production of metabo-

lites, which may consequently require further cell engineer-

ing to resist high concentrations of possibly toxic chemical

compounds. Alper et al. (2006) recently showed how

engineering of the global transcription machinery can help

to improve ethanol resistance in yeast cells.

Additionally, systems biotechnology already impacts on

the production of yeast-based alcoholic beverages as a

system-wide understanding of the molecular basis of the

production process can lead to improved sensory qualities

for consumer demands. Proteomic and transcriptomic

methods have been applied to investigate wine and beer

fermentations (Kobi et al., 2004; Beltran et al., 2006;

Zuzuarregui et al., 2006). It becomes clear from the system-

wide analysis of wine fermentations that microbial cells

encounter many different kinds of stresses during the

fermentation process. However, it is obvious that a deeper

understanding of the cellular reactions to environmental

stresses is also crucial for other biotechnologically relevant

batch and fed-batch processes such as amino acid, biofuel

and, of course, protein production. The yeast stress response

has been a topic of detailed investigations in the recent years.

Both, transcriptomic and proteomic approaches have been

used to investigate the effect of temperature (Gasch et al.,

2000; Tai et al., 2007), high osmolarity (Blomberg, 1995;

Chen et al., 2003; Gori et al., 2007; Kim et al., 2007),

hydrostatic pressure (Fernandes et al., 2004) and nutrient

limitations (Kolkman et al., 2006) in several yeast and fungal

species in recent years. It has been outlined earlier that

cellular reactions to environmental stresses are mainly a

transient response, on which most studies have focused.

However, during industrial processes, rather constant sub-

optimal growth conditions that are far from the natural

environment of the cells are imposed (Mattanovich et al.,

2004). For example, several reports indicate a positive effect

of reduced growth temperature on the production rate of

heterologous proteins in the yeast Pichia pastoris (Li et al.,

2001; Jahic et al., 2003; Shi et al., 2003). However, these data

are not fully conclusive as the authors suggest that lower

activity of proteases in the culture supernatant or decreased

cell death rate is responsible for increases in productivity.

On the other hand, Hohenblum et al. (2003) showed that, at

least for P. pastoris, significant cell death occurs at low pH

while temperature does not influence viability. None of

these studies applied system-wide analysis of the host

organism, so that the underlying biology remained unex-

plored. Newer studies may shed light on such contradictory

data. Recently, Tai et al. (2007) performed steady-state

cultivations of S. cerevisiae at different temperatures and

analysed them with microarrays. Although not using hetero-

logous protein-producing strains, these experiments allow

conclusions on the long-term adaptation of production cells

to suboptimal conditions. The authors observed an upregu-

lation of ribosome biogenesis genes and a downregulation of

environmental stress response genes at a low temperature,

which differed largely from previous results on rapid

changes of temperature. Similarly, Gasser et al. (2007a)

found stress response genes downregulated at lower tem-

perature in steady-state cultures of P. pastoris expressing an

antibody Fab fragment, while the specific productivity of

this protein was increased.

However, transcriptome, proteome and metabolome data

from small-scale laboratory experiments might differ sig-

nificantly from cellular regulatory patterns as they occur

during large-scale industrial processes. Furthermore there

might be crucial genotypic differences between laboratory

and industrial strains. As the majority of the mentioned

studies were performed in laboratory strains, the direct

applicability of these results on industrial strains is ques-

tionable. Production strain optimization can be achieved if

the cellular metabolism and the regulatory networks of an

industrial cell line are considered and investigated (Takors

et al., 2007). Up to now, such results are rarely obtained in

academia, as the genomic information of important indus-

trial strains is still missing. Omics approaches as well as fast

modern sequencing techniques bear the potential to change

the methodical approaches here, as will be discussed below.

The external stresses mentioned above, and intrinsic

stress mediated by protein overproduction, play a major

role for the physiological constraints of a protein production

system (Mattanovich et al., 2004). As these constraints share

similar patterns among different classes of host organisms,

we will also highlight research with non-yeast hosts for

protein production in the following chapter.
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Application of systems biotechnology to
heterologous protein production

Engineering of recombinant yeasts based on
genome-wide analysis

Applications of genome-wide technologies in yeasts are

scarce in the field of recombinant protein production. Some

of the rare examples analysing cellular responses due to

protein overproduction are reported for the nonconven-

tional yeasts P. pastoris (Sauer et al., 2004; Gasser et al.,

2007a; Dragosits et al., 2009) and Kluyveromyces lactis (van

Ooyen et al., 2006). The analysis of the cellular proteome

during a fermentation of a chymosin expressing K. lactis

strain indicated stress during protein production (upregula-

tion of Hsp26p and Sod2p; van Ooyen et al., 2006), whereas

the P. pastoris work outlines how environmental factors such

as temperature and pH affect protein expression and secre-

tion on a transcriptomic (Sauer et al., 2004; Gasser et al.,

2007a) and proteomic level (Dragosits et al., 2009). Alter-

natively, metabolic flux analyses of protein-producing yeasts

were performed. These focused, on the one hand, on the

synthesis of high levels of intracellular human superoxide

dismutase in S. cerevisiae (Gonzalez et al., 2003), and, on the

other, on core metabolic processes of P. pastoris during

growth on glycerol and methanol (Solà et al., 2004, 2007).

However, apart from one exception, no strain improvement

strategies resulted out of all these studies so far (Table 2).

The comparison of the differential transcriptome of a P.

pastoris strain overexpressing human trypsinogen vs. a

nonexpressing strain did reveal a network of genes being

influenced due to the exploitation of the cellular expression

machinery. This knowledge was further exploited to eluci-

date novel secretion helper factors that allowed the removal

of bottlenecks in protein expression. Thirteen out of the 524

significantly regulated genes were selected and overex-

pressed in a P. pastoris strain producing a human antibody

Fab fragment. Five previously characterized secretion help-

ers (Pdi1, Ero1, Sso2, Kar2/BiP and Hac1), as well as six

novel, hitherto unidentified, factors, more precisely Bfr2 and

Bmh2 involved in protein transport, the chaperones Ssa4

and Sse1, the vacuolar ATPase subunit Cup5 and Kin2, a

protein kinase connected to exocytosis, increasing

both specific production rates as well as volumetric

productivity of an antibody fragment up to 2.5-fold in fed

batch fermentations (Gasser et al., 2007b). Very recently, a

similar approach was leading to improved membrane pro-

tein production in S. cerevisiae, based on engineered expres-

sion of BMS1, involved in ribosomal subunit assembly

(Bonander et al., 2009). A convincing example of evolu-

tionary engineering was based on random mutagenesis and

screening for overproduction of human serum albumin in

S. cerevisiae, followed by the identification of four genes

related to Kar2 ATPase activity, which were upregulated

in the selected mutant strain. Overexpression of these

genes in other S. cerevisiae strains led to increased produc-

tion of three different heterologous proteins (Payne et al.,

2008).

Protein folding and secretion appear to be major limita-

tions for yeast expression systems, while the main concerns

for other systems are growth, viability and metabolic burden

(see Mammalian cells and Bacteria). For yeast production

hosts these problems are not as crucial for the production of

recombinant proteins, which can be regarded as one reason

why systems biotechnology-based strain engineering has

hardly been applied so far in this area.

Another important aspect that explains the lack of omics-

based cell engineering in yeasts is the degree of availability of

omics tools for yeast and other fungal species. Out of the 82

presently sequenced ascomycetes genomes, only 15% are bio-

technologically used organisms, whereas the majority (54%)

were pathogens, and the remaining were sequenced for

comparative genomic studies (Saccharomyces sensu stricto

group). The lack of published genome sequences is reflected

in a lack of commercially available microarrays for most yeasts

species. Some exceptions are arrays available for S. cerevisiae

and Schizosaccharomyces pombe (Affymetrix and Agilent), or

Candida albicans (Washington University, St. Louis). Proteo-

mic studies are also hampered as they rely on annotated

genome sequences for efficient performance. Alternatively,

research groups performed transcriptional profiling by either

heterologous hybridization to commercial S. cerevisiae arrays

(e.g. for P. pastoris, Sauer et al., 2004; and for K. lactis,

Rosende et al., 2008), or by designing custom microarrays.

As an example, P. pastoris microarrays have been developed by

our group, and are available for research applications (Graf

et al., 2008). While the first approach can only capture genes

that are in common with S. cerevisiae [therefore excluding

species-specific genes such as the assimilation pathways for

methanol (P. pastoris and Hansenula polymorpha), hydrocar-

bons (Yarrowia lipolytica), or xylose (Pichia stipitis)], the latter

often made the custom-made arrays unavailable for other

groups, thereby limiting research activities in the field. Con-

sistently, proteomics were mainly performed for pathogenic

species (reviewed by Josic & Kovac, 2008).

Another drawback in the fungal kingdom is the high

genetic diversity between the individual species, even within

the phylum Ascomycota. The average sequence identity of

orthologous proteins among the hemiascomycota is

50–60%, which is less than the c. 70% identity between

man and fish, not to speak of 94% identity between man and

mouse (Dujon, 2006). Accordingly, the DNA sequence

identity among rodents is much higher, making heterolo-

gous omics between the hamster-derived Chinese hamster

ovarian cells (CHO) or baby hamster kidney (BHK) cells

and mouse or rat more feasible than among yeasts.
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Filamentous fungi

A recent publication summarized ‘The first 50 microarray

studies in filamentous fungi’, starting with an incomplete

microarray for Trichoderma reesei in 2002 (Breakspear &

Momany, 2007) and stated that for filamentous fungi, so far

no engineering based on omics existed. However, in 2008

the first reports of proteome and transcriptome studies

resulting in clear engineering strategies were published

(Table 2): 132 protease genes were monitored during the

production of human lysozyme in Aspergillus oryzae on a

microarray and compared with degradation conditions, and

upregulated protease cluster were identified. Out of these

disruption targets three genes were already known to

improve heterologous protein production, but the knock-

down of one novel protease improved secreted yields of

human lysozyme by 22% (Kimura et al., 2008). Wang et al.

(2008) identified four protease genes of Aspergillus niger

with genomic methods, which, upon disruption, led to

increased protein secretion up to 40%. Another study deter-

mined the effect of enzyme overproduction in three different

strains of A. niger, and extracted two engineering targets out

of the upregulated genes and proteins involved in protein

folding and the endoplasmic reticulum (ER)-associated pro-

tein degradation (ERAD) pathway. Combined engineering by

knock-out of the ERAD factor doaA and overexpression of

the oligosaccharyltransferase sttC led to improved production

of a heterologous protein (Jacobs et al., 2009).

However, it should be noted that a number of genome-

wide studies have revealed important aspects concerning

protein production and its limitation in fungal expression

systems. While not being applied directly, they have con-

tributed significantly to the understanding of the protein

production process, and led to strain engineering later on. The

transcriptomic changes upon protein overexpression have

been described for Aspergillus nidulans (Sims et al., 2005), T.

reesei (Arvas et al., 2006) and A. niger (Guillemette et al.,

2007), highlighting the impact of unfolded protein response

(UPR) on protein folding, glycosylation, vesicle transport and

ERAD, and identifying significant differences of UPR regula-

tion between S. cerevisiae and filamentous fungi.

If we look beyond fungi, examples for systems biotechno-

logical approaches in the field of recombinant protein

production become more prevalent. Since the late 1990s,

transcriptomics and proteomics were applied to bacterial

and mammalian cultures used for heterologous protein

production in order to elucidate cell physiology. Although

numerous studies exist that describe the physiological

Table 2. Overview of systems biotechnological approaches for improved recombinant protein production in different hosts

Host Analyses Engineering Results References

E. coli Transcriptome, proteome Ribosomal genes,

amino acid

biosynthesis genes, IbpAB

Up to fourfold higher

productivity

Reviewed in Park

et al. (2005)

E. coli Proteome Controlled coexpression of PspA Aldor et al. (2005)

E. coli Proteome, transcriptome Use of rare codons Eight times more recombinant

protein

Lee & Lee (2005)

E. coli Proteome New promoter (aldA) 30-fold higher product levels Han et al. (2008)

E. coli Secreted proteome OsmY as fusion partner High-level secretion Qian et al. (2008)

B. megaterium Metabolic fluxes Pyruvate as carbon source 17-fold more secreted

product, less protease activity

Fürch et al. (2007)

S. cerevisiae Random mutagenesis Co-chaperone genes related to Kar2

activity

1.5-fold increase of expression Payne et al. (2008)

P. pastoris Transcriptome overexpression of secretion factors 2.5-fold increase of secretion Gasser et al.

(2007b)

A. niger ‘Genomic methods’

genome sequence and

transcriptome

Disruption of protease genes 1.4-fold increased secretion Wang et al. (2008)

A. niger Transcriptome and

proteome ‘integrative

genomics’

Knock-out of ERAD factor doaA and

overexpression of

oligosaccharyltransferase sstC

Improved intracellular

production

Jacobs et al. (2009)

A. oryzae Transcriptome Knock-down of protease genes 1.2-fold increased secretion Kimura et al. (2008)

CHO Transcriptome Overexpression of antiapoptotic and

knock-down of proapoptotic genes

Higher viability leading to

2.5-fold higher titers

Wong et al. (2006)

CHO Transcriptome Stress markers for early clone screening Time for clone establishment?

Better and earlier clone

selection

Trummer et al.

(2008)

NS0 Transcriptome, proteome Genes related to cholesterol dependence Cholesterol-independent

cell lines

Seth et al. (2006)
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behaviour of cells to certain stresses – data also available for

S. cerevisiae – activity beyond pure description is concen-

trated to a limited number of research groups. Recent

reviews by these groups highlight that it is crucial to use

state-of-the-art omics tools for physiological understanding

and gaining insights into the host, as only detailed under-

standing of host cell physiology makes subsequent metabolic

or cell engineering possible.

Mammalian cells

In mammalian cell culture most proteomic and transcrip-

tomic analyses were performed to address problems or

phenomena that have been observed previously on a

‘macroscopic’ level (e.g. metabolic shift, fed batch cultiva-

tion, apoptosis and stress conditions brought up by elevated

osmolarity, sodium butyrate and low temperature). Since

Korke et al. (2002) predicted the implementation of geno-

mics and proteomics in cell culture engineering – for

example for the selection of production cell lines (identifica-

tion of gene regulation leading to adaptation to serum-free

growth, or to adaptation to suspension growth) – and for

bioprocess engineering both methodology and answers have

evolved. Several excellent reviews summarizing these recent

advances have been published during the last years (Griffin

et al., 2007; Gupta & Lee, 2007; Kuystermans et al., 2007;

Jaluria et al., 2008). A list of papers dealing with genome-wide

analysis of different mammalian cell lines (mainly murine

myeloma cells NS0 and CHO) can be found in Kuystermans

et al. (2007). In agreement with Gupta & Lee (2007), who

pinpoint that a large number of omics approaches only

generate lists of genes without direct application, we confirm

that only four out of the 21 cited studies have resulted in an

actual strategy for cell line engineering (Table 2).

Dinnis & James (2005) asked if one should learn ‘lessons

from nature’ for engineering of antibody secreting mamma-

lian cells. At least two lessons have been learned: induction of

the UPR in order to reflect B-cell development (van Anken

et al., 2003) leads to increased secretion of several recombinant

proteins (reviewed by Dinnis & James, 2005; Khan & Schro-

der, 2008). Another lesson that has been learned was the

overexpression of anti-apoptotic genes, and knock-down of

pro-apoptotic genes identified by microarray analysis of CHO

cells, leading to prolonged cell viability and consequently up to

2.5-fold higher titres of interferon g (Wong et al., 2006).

Engineering mammalian cell culture based on genome-

scale technologies was mainly applied to improve cell

metabolism and growth (Griffin et al., 2007), upstream cell

culture conditions (e.g. temperature, hyperosmotic pressure

and impact of small chemical compounds), downstream

product quality (mainly assessed by proteomics), and cell

culture media requirements (Gupta & Lee, 2007). As an

example, the transcriptional analysis and proteomics did not

stop at the identification of the responsible genes for the

cholesterol dependence of NS0 cells. Subsequent engineer-

ing of the identified genes allowed cholesterol-independent

cell growth (Seth et al., 2006). Cross-species microarrays of

high producer clones of EPO-Fc producing CHO lead to the

identification of three ER stress marker genes correlated to

insufficient resistance to shear stress in the early stage of

clone selection before the respective phenotype could be

observed (Trummer et al., 2008).

Proteomic and transcriptional profiling of high- and low-

productivity cell lines, or cells cultivated under conditions

that lead to high specific productivity (qP) (e.g. treatment

with sodium butyrate and low-temperature cultivation)

were carried out to discover the target genes leading to the

super-secreting cells. Common features correlated to high

productivity were the upregulation of secretory pathway

proteins (especially chaperones and foldases) and cytoskele-

tal proteins in high-producing cell lines, as well as higher

abundance of proteins belonging to the functional groups

redox balance and vesicular transport. Additionally, decreased

growth rate-related genes/proteins and decreased levels of

stress genes were reported to occur in concordance with

higher qP (Kuystermans et al., 2007; Seth et al., 2007). While

there were speculations that high-producing cell lines are

likely to have a higher vesicle traffic and membrane recycling

activity (Yee et al., 2008), other attempts to identify correla-

tions between single genes and improved secretory capacity

failed. When trying to integrate all available genome-scale

information of high-producing mammalian cell lines to find

the genetic events leading to the super-secreting cells, it had to

be concluded that there is no direct relation between a distinct

set of genes and a trait, that there are no ‘hyperproductivity

master genes’ (Seth et al., 2007). On the contrary, multiple

contributing pathways, even alternative pathways may lead to

improved qP. Therefore the authors highlight the importance

of data analysis approaches going beyond the identification of

differentially expressed genes such as pattern discovery, path-

way and network analysis in order to grasp the complexity of

the gene–trait relationship (Seth et al., 2007).

Bacteria

A general overview about whole systems level metabolic

engineering in bacteria based on omics, including potential

applications, was given by Park et al. (2005) and Gupta &

Lee (2007). One common feature in bacteria, for example

Escherichia coli, is that protein overproduction usually leads

to a (severe) decrease in specific growth rate due to a

shortage of energy and precursors.

Very early proteomic work in E. coli and Bacillus subtilis

overproducing a heterologous protein accumulating in the

cytoplasm as inclusion bodies showed that both species react

to the recombinant protein with increased levels of heat
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shock proteins and chaperones, whereas no clear picture

regarding the regulation of ribosomal proteins emerged, as

higher abundance in B. subtilis, and decreased levels in E. coli

were observed (Jürgen et al., 2000, 2001). These studies can

be seen as initiating a comprehensive understanding of the

cellular responses to protein overproduction in bacteria, and

although no direct engineering benefits were achieved, they

gave rise to improvement of production strains (reviewed by

Chou, 2007).

Since then various studies investigated the response of

bacteria to several different proteins, but hardly any new

hypotheses or applications evolved out of these studies.

Some rare exceptions to this include the overexpression of

ribosomal genes downregulated during insulin-like growth

factor 1 expression in high cell density cultivation of E. coli

leading to enhanced productivity and the engineering of

small heat shock proteins IbpAB identified in inclusion

bodies during overexpression of recombinant proteins in E.

coli (all summarized in Park et al., 2005). By proteome

profiling Aldor et al. (2005) identified the phage shock

protein PspA to be coregulated with heterologous protein

expression, and improved the yield by controlled coexpres-

sion of PspA. However, most studies are conducted on a

case-by-case basis, and are not leading to improved produc-

tion platforms. Alternatively, genome-wide analysis of cel-

lular reactions to protein production may allow for the

identification of marker genes that signal cellular stress as a

response to protein overexpression. Their monitoring dur-

ing protein production processes should allow to react on

the bioprocess level before the stressful conditions, and

consequently reduced cell growth and reduced viability will

occur (Dürrschmid et al., 2008; Nemecek et al., 2008).

Interestingly, genome-wide analyses were also performed

to analyse the behaviour of mutant strains with superior

production characteristics. As an example, the proteome of

a Bacillus megaterium chemical mutant exhibiting higher

production levels of recombinant intracellular dextranesu-

crase and better cultivation behaviour, showed higher abun-

dance of proteins related to protein synthesis and protein

translocation (Wang et al., 2006). The observation of

reduced levels of tRNA synthetases both on the proteomic

and the mRNA level of an E. coli mutant secreting four times

more a-haemolysin (HylA) in comparison with its parental

strain led to an alternative metabolic engineering strategy,

namely to use rare codons to slow down translation, which

improved HylA secretion eight times in the parental strain

(Lee & Lee, 2005).

In a different application of omics technologies, pro-

teome analysis of E. coli in response to oleic acid was used to

select oleic acid-inducible promoters for recombinant pro-

tein production. The use of the aldehyde dehydrogenase

aldA promoter increased green fluorescent protein fluores-

cence intensity 30-fold compared with the IPTG-inducible

tac promoter while applying the cheaper inducer, oleic acid

(Han et al., 2008). On the other hand, a screen of the

extracellular proteome of E. coli identified naturally secreted

proteins as fusion partner for recombinant proteins in order

to stimulate secretion. Out of 12 tested low-molecular-weight

fusion partners, OsmY proved to be the best secretion partner

resulting in high-level excretion of three model proteins into

the culture supernatant of E. coli (Qian et al., 2008).

Alternatively, metabolic flux calculations can be carried

out with the aim to identify bottlenecks in the fermentation

that may need to be eliminated by genetic engineering. A

recent study investigated the influence of two different

carbon sources (glucose and pyruvate) on metabolic fluxes

and productivity in B. megaterium, and concluded that

pyruvate improves recombinant protein production 17-fold

as less protease secretion and enhanced energy and reduc-

tion equivalent metabolism occurred. Additionally, the

authors state that the overproduction of the recombinant

protein increases the flux through the TCA and glycolysis,

and reduces the flux through gluconeogenesis and the

pentose phosphate pathway (Fürch et al., 2007).

New (post) genomic approaches to
systems biotechnology

Systems biology as well as application-oriented systems

biotechnology depend essentially on omics methods. A

critical overview on current developments in this area and

the potentials and pitfalls of current and upcoming methods

is provided in the following, and summarized in Table 3.

Genomes

As already discussed in the previous section systems bio-

technology has focused on certain organisms simply because

their genome was sequenced and at least partly annotated.

This is understandable because many omics methods can

only be utilized to their full extent if the genome sequence is

accessible and information about the positions of functional

elements in the DNA is available. Furthermore, though the

genome of S. cerevisiae has been very well studied, it is not a

typical example for many yeast species that are used for

protein production (Blank et al., 2005). Therefore, it is vital

for systems biotechnology to create reference genomes with

high-quality annotation of yeast species used in protein

production. Sequencing technologies have made tremen-

dous progress in the last few years, rendering the technology

significantly cheaper, faster and more flexible than the

traditional Sanger method, making it feasible for small scale

studies with limited resources. With a reference genome at

hand resequencing becomes an integral part of the workflow

in systems biotechnology as shown in Fig. 3, thus expanding

the systems biotechnology cycle. First studies applying the

technology to selected mutants to understand the genetic
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background of their improved phenotype are already avail-

able for ethanol-producing P. stipitis (Smith et al., 2008).

Next generation sequencing (NGS)

Though NGS has a high potential of revolutionizing genet-

ics, it comes with a set of pitfalls. All NGS methods

create much shorter sequence reads (35–400 bp) than the

Sanger method (c. 750–900 bp). This is especially a

problem for de novo sequencing because even short repeats

will make an assembly impossible, resulting in a high

number of contigs. A comprehensive summary of the NGS

technologies that are currently available was published

by Mardis (2008). Third-generation sequencing (TGS) or

also called next-next generation sequencing methods aim

to further reduce the cost and run time of sequencing

while improving the ease of handling the method. Addition-

ally, most of these new technologies promise to have

much longer reads than the NGS methods and thereby

eliminating the problems related to short read length.

Variants of currently pursued TGS technologies could be

commercially available within the next 5 years (Gupta,

2009).

After the first excitement of the 1990s about the possibi-

lities of sequencing and the completion of the human

genome project in 2003, it was believed that the postge-

nomic era had begun. Now, a few years later, the picture

looks somewhat different. It seems that with the emergence

of NGS, the chapter of genomics has to be reopened again.

At the moment, there are 873 completely sequenced gen-

omes, of which about 83% are bacterial species having a

rather small genome, and 4135 ongoing genome projects

with a much lower proportion (50%) of bacterial species

(http://www.genomesonline.org/gold.cgi). The rapidly in-

creasing amount of available genomic data poses a challen-

ging problem for data storage, management and

interpretation, shifting the bottleneck towards bioinfor-

matics, annotation and analysis tools.

Table 3. Critical summary of omics methods for systems biotechnology

Field Methods Advantages and disadvantages

Genomics NGS Fast and cheap method for whole-genome (re)sequencing without cloning bias

Advantageous for mutation and subsequent strain analysis for inverse metabolic engineering purposes

Transcriptomics Expression

microarrays

Whole genome transcriptomics, cheap solution for in-house pipeline

Susceptible to noise and bias

Ref-Seq Better correlation to qPCR results, large dynamic range limited only by sequencing depth

Little background noise

Can be used to detect splicing variants and 50- and 30-UTR boundaries

Quantification is feasible even for mRNAs expressed at low levels

Loss of strand-specific information

Proteomics DIGE (gel-based

systems)

Large number of different proteins over a large mass range can be detected

Information about physicochemical properties

Expensive and biased towards high-abundant proteins

Membrane-bound and hydrophobic as well as small proteins cause problems

MS Mass and structure information of proteins

Amino acid composition

Detection of post-translational modifications

Quantitative MS Labelling (in vivo – SILAC, in vitro – ICAT, iTRAQ): increases the dynamic range of the analysis, but more

expensive and detected proteins depend on the labelling method; in vivo labelling is not suitable for industrial

processes

Label-free quantification: quantification of a large number of proteins to characterize cells in different states;

but less accurate and problematic to identify low-abundant proteins

Protein

Microarrays

Can only detect selected proteins due to lack of highly specific capture reagents and a lack in sensitivity

Difficulties in retaining protein functionality

Interactomics ChIP-chip Regulatory DNA–protein binding interactions

Chromatin packaging

ChIP-Seq Better resolution, less input material needed than ChIP-chip

Usable for organisms without available genomic sequence

Quantification is possible

Metabolomics Metabolic

modelling

Understanding regulatory pathways

Identifying key players

Simulation of system- wide reactions (either through logical networks or flux analysis) before biotechnological

engineering is possible

Creation of metabolic/signaling networks is complex and time consuming
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Transcriptomics

Apart from de novo sequencing, NGS and TGS methods can

be applied to many other questions that are relevant for the

optimization of protein production, for example copy

number variation, transcription factor binding, noncoding

RNAs as well as expression profiles. Up to now DNA

microarrays were the technologies of choice in the field of

transcriptomics. For organisms for which microarrays are

not available but that have an accessible genome sequence,

bioinformatics tools (gene prediction and oligo design) make

it possible to generate comprehensive expression data at a

relatively low cost, as recently shown for P. pastoris (Graf et al.,

2008). Microarray experiments generally suffer from the

existence of nonbiological variation, high background noise

and only limited comparability due to a multitude of

possible data-processing methods (Kawasaki, 2006). Sources

for nonbiological variability and possible computational

solutions have been extensively discussed in the literature

(e.g. Draghici et al., 2006; Johnson et al., 2008). NGS solves

many of the technical problems that microarrays suffer from

but is still more expensive and many research groups and

companies have an established microarray-processing pipe-

line in place. Also, some companies that offer NGS-sequen-

cing machines offer microarrays as well, which indicates that

a complementary use of both technologies is the most

probable future.

Proteomics

Changes in the behaviour of a production system are often

affected by post-translational modifications of proteins and

therefore not visible on a transcriptome level. Besides there

is no quantitative correlation between transcript expression

levels and the amount of protein in the cell (Hartmann et al.,

2008). Analysing the genome and transcriptome alone is

therefore not sufficient to understand or predict regulatory

mechanism of cells or organisms. Unfortunately, though

proteomics provides valuable insights for systems biotech-

nology, studies of changes during protein production

are largely still missing (Josic & Kovac, 2008). The classical

technique of proteome research, two-dimensional (2D) gel

electrophoresis, suffers from a bias towards specific protein

classes and towards highly abundant proteins (Bro & Nielsen,

2004) on the experimental level. On the data-processing

level analysis of 2D gel images comprises many of the

problems of microarray analysis, especially the difficulty to

compare results due to differences between platforms

and data-processing methods (Elrick et al., 2006). In recent

years, proteomics moved from a local (analysing a limited

selection of proteins) to a global (analysing the whole

proteome) technology. Quantitative mass spectroscopy has

become the method of choice, and coupled with more

sensitive labelling methods it facilitates high throughput

proteome analysis (Elrick et al., 2006). Stable isotope

labelling by amino acids in cell culture (SILAC) is an in vivo

labelling technique that requires the cells to be cultivated in

media-containing labelled amino acids, thereby rendering it

not feasible for large-scale production analyses. In vitro

labelling techniques are more promising, although they still

have shortcomings. In isotope-coded affinity tags

(ICAT) cysteine residues are tagged. Because these residues

are rare, it simplifies the peptide mixtures but proteins that

do not contain cystein cannot be measured, and, further-

more, the small number of peptides for each protein com-

promises measurement reliability. Another in vitro labelling

method is isobaric tags for relative and absolute quantifica-

tion (iTRAQ). Here the N-terminus and sidechain amines are

tagged with at least four different masses. Because these

amines are more frequent, the cysteine-based restriction of

ICAT is removed (Bachi & Bonaldi, 2008). Because all

approaches involving isotopes are cost-intensive, label-free

quantification methods using spectrum counts, integrated

ion intensities or spectral feature analysis are sometimes

preferable. The drawbacks of label-free methods include

increased computational complexity due to lower accuracy

and reproducibility of the data and the inability to quantify

low-abundance proteins (Nesvizhskii et al., 2007). With the

move towards high throughput, it is essential to develop and

Fig. 3. A second genomics based systems

biotechnology circle. NGS methods enable

the resequencing of selected mutants to

superimpose genotype on phenotype. Thus,

evolutionary engineering and inverse metabolic

engineering will gain enormous new potential.
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use the proper bioinformatics tools to efficiently process and

statistically validate the generated data.

Metabolomics and metabolic modelling

Metabolomics and fluxomics go a step further and use

information gained from the other omics to build a model

of certain processes of the cell or ideally of the whole cell.

Whereas metabolomics focuses on the metabolites involved,

fluxomics predicts flux distributions within the cell based on

measured rates of metabolites and their mass balance (Kim

et al., 2008). Several types of metabolic networks exist.

Stoichiometric models and dynamic or kinetic models are

the more traditional approach for which comprehensive

knowledge about the players and their relationship is

necessary. These models consist of a relatively small number

of reactions or elements and their quality depends to a large

extent on the quality of experimental data (Steuer, 2007).

The advantage is of course that, if a high-quality model is

achieved, reasonable predictions about phenotypic beha-

viour can be made. Early metabolic networks were limited to

a few pathways of the core metabolism, but the availability

of genome sequences and extensive omics data made it

possible to fully describe the core metabolism and move to

new areas such as signalling (Arga et al., 2007) or lipid

metabolism (Nookaew et al., 2008). Protein expression and

secretion networks are still lacking. Some of the reasons why

this topic was avoided by scientists for so long are listed in

Table 1. Despite these pitfalls, it can be anticipated that

model development of the protein production pathways will

significantly contribute to a better quantitative understand-

ing of the contributing reactions and their relevance.

Topological networks on the other hand consist of many

nodes that represent genes or proteins and edges represent-

ing the connection between those nodes. Such models can

be much larger than stoichiometric or kinetic models and

can make use of high throughput data but are only static

descriptions and contain no information about the type,

time or place of interaction between two nodes. At least the

type of interaction can be modelled using control logic,

described by Schlitt & Brazma (2005). With a sequenced and

annotated genome at hand, a topological or control logic

network can be computed for all known cellular functions.

The challenge now is to combine the different approaches

into a predictive dynamic model of the whole cell. The first

such approach was taken for A. niger (Andersen et al., 2008),

while Herrgård et al. (2008) took the first step towards such

a model for S. cerevisiae by combining two existing meta-

bolic models (at the control logic state) into a consensus

yeast metabolic network and implementing it in systems

biology markup language (SBML), which is a widely used

data format for metabolic networks.

With the pace at which omics methods develop and the

amount of data they produce, it is important to keep in

mind that each of the omics fields only shows us an isolated

part of the picture. To improve our understanding of the

function of organisms, it is essential to be able to give

meaning to the data representing concentrations of genes,

proteins and metabolites. Therefore, it will become even

more important in the future to merge information from

different omics sources into a coherent picture. More effort

has to be put in developing methods that can integrate and

validate these data as well as help managing the fast-

increasing flood of information. This in mind, several

standards have been developed to avoid a confusing mess

of data sources, treatment and analysis variants (Table 4).

While these standards define a minimal frame on experi-

mental and computational quality and data deposition, they

cannot cope with systematic differences between different

omics platforms. These systematic differences call for cau-

tiousness in data comparison between omics platforms

and data-processing methods. It should be emphasized

that the aim of standardization is not to define data quality,

but rather the information on data assessment, and to

guarantee that raw data are made available to the scientific

community.

Conclusions

Current status of systems biotechnology for
protein production

Systems biotechnology has proven its value for strain design

and optimization. System-wide approaches to complex

cellular processes such as protein production are still in

their infancy. Interestingly, more progress in this field has

been made for bacteria and mammalian cells than for yeasts.

This may be due to a lack of genomic information and

postgenomic tools for industrially relevant yeast species. The

Table 4. Standards for the publication of omics data

Short name Designation References or web addresses

MIAME Minimum information about microarray experiments http://www.mged.org/Workgroups/MIAME/miame.html

MIAPE The minimum information about a proteomics experiment http://www.psidev.info/index.php?q=node/91

MIRIAM Minimum information requested in the annotation of

biochemical models

http://www.ebi.ac.uk/compneur-srv/miriam/,

proposed by Le Novère et al. (2005)

MIAMET Minimum information on a metabolomics experiment Proposed by Bino et al. (2004)
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revival of genomics through NGS methods is about to close

this gap, and a critical review of the state of research with

bacterial and cell culture host systems provides guidance as

to where to direct research with yeasts in this field.

Lessons to learn from non-yeast expression
systems

At present, most limitations in protein production in yeasts

are attributed to bottlenecks during folding and secretion.

Thus, engineering of yeast protein factories mainly means

knowledge-based engineering of chaperones and ER resi-

dent folding catalysts. While these approaches were verified

by transcriptomic profiling of yeasts and other fungal

production hosts recently, they may not convey the full

picture. As can be seen in non-yeast expression systems,

the application of integrated genomic approaches allows

looking beyond the borders of the secretory compartments

during the production of recombinant proteins. While

engineering strategies leading to higher viability and

higher stress resistance in mammalian cells may not be

directly applied to yeast systems, they reveal the potential

that apparently unconnected cellular processes can be ma-

nipulated in order to increase protein yields/productivity.

Bacterial studies revealed a shortage of ribosomes, energy

and precursors during recombinant protein production, a

possibility yet underestimated for fungal hosts. The avail-

ability of improved metabolic models – as they exist for

bacteria – for A. niger and S. cerevisiae, and their applic-

ability for related fungal species, may allow a considerable

progress regarding the behaviour of the core metabolism

and energy supply during protein overexpression. Alterna-

tively, production processes can be monitored by methods

of metabolic flux analysis and controlled to improve protein

yields.

The importance of systems level screening during clone

selection in mammalian cells may also be converted to

fungal production hosts, as soon as the respective genetic/

molecular traits leading to high secretory capacity are

identified. Once again, the importance of thorough and

comparative data analysis should be stressed in this respect,

as the pathways identified upon protein overproduction in

yeasts and filamentous fungi are very similar to those

regulated in mammalian cells.

With the advent of cheap and fast sequencing technolo-

gies, and consequently higher coverage of biotechnologically

relevant fungal species, resequencing of improved mutant

strains and subsequent inverse metabolic engineering also

become feasible. Additionally, this information may con-

tribute to the big search for the ‘holy grail’ of protein

production – the ‘hyperproductivity master genes’ – or at

least lead to a better understanding of the cellular pathways

influencing productivity.

Finally, the impact of systems biotechnology on the

improvement of bioprocess performance, for example by

the identification of novel stress markers such as those

shown in E. coli, better strain performance (mammalian

cells) or prevention of proteolytic degradation by disrup-

tion of cellular proteases as reported for filamentous

fungi and bacterial systems should be highlighted. All

these approaches can be readily transferred to fungal

production processes by applying the respective systems

biotechnological tools.

In contrast to mammalian and bacterial protein produc-

tion, application of systems level approaches for the targeted

engineering of yeasts and other fungal production hosts is

still at an early stage. However, expectations are high that the

recent advances emerging in the fungal field will just be the

beginning of the ‘systems biotechnological’ age for im-

proved protein production strains.

Outlook

A major focus of future work should be the quantitative

understanding of molecular principles behind protein

synthesis, modification and secretion, derived from basic

production strains as well as mutants and rationally engi-

neered strains.

NGS methods provide the tool to rationalize inverse

metabolic engineering approaches so that they can be

implemented in future into rational system-wide modelling

and optimization strategies.
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Abstract
Background: DNA Microarrays are regarded as a valuable tool for basic and applied research in microbiology.
However, for many industrially important microorganisms the lack of commercially available microarrays still hampers
physiological research. Exemplarily, our understanding of protein folding and secretion in the yeast Pichia pastoris is
presently widely dependent on conclusions drawn from analogies to Saccharomyces cerevisiae. To close this gap for a yeast
species employed for its high capacity to produce heterologous proteins, we developed full genome DNA microarrays
for P. pastoris and analyzed the unfolded protein response (UPR) in this yeast species, as compared to S. cerevisiae.

Results: By combining the partially annotated gene list of P. pastoris with de novo gene finding a list of putative open
reading frames was generated for which an oligonucleotide probe set was designed using the probe design tool
TherMODO (a thermodynamic model-based oligoset design optimizer). To evaluate the performance of the novel array
design, microarrays carrying the oligo set were hybridized with samples from treatments with dithiothreitol (DTT) or a
strain overexpressing the UPR transcription factor HAC1, both compared with a wild type strain in normal medium as
untreated control. DTT treatment was compared with literature data for S. cerevisiae, and revealed similarities, but also
important differences between the two yeast species. Overexpression of HAC1, the most direct control for UPR genes,
resulted in significant new understanding of this important regulatory pathway in P. pastoris, and generally in yeasts.

Conclusion: The differences observed between P. pastoris and S. cerevisiae underline the importance of DNA
microarrays for industrial production strains. P. pastoris reacts to DTT treatment mainly by the regulation of genes
related to chemical stimulus, electron transport and respiration, while the overexpression of HAC1 induced many genes
involved in translation, ribosome biogenesis, and organelle biosynthesis, indicating that the regulatory events triggered
by DTT treatment only partially overlap with the reactions to overexpression of HAC1. The high reproducibility of the
results achieved with two different oligo sets is a good indication for their robustness, and underlines the importance of
less stringent selection of regulated features, in order to avoid a large number of false negative results.
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Background
Transcriptomics, the parallel quantification of many, or
all transcripts of an organism in given conditions, has
become a favorite tool for basic research [1]. Messenger-
RNA regulation patterns of model organisms under many
different conditions have become available during the last
years. However, these methods are still not applicable for
many industrially important organisms, mainly due to the
lack of DNA microarrays targeting these organisms. A typ-
ical example is the yeast Pichia pastoris, which is widely
applied for the production of recombinant proteins. Sev-
eral approaches have been taken to derive transcriptomic
data without specific microarrays. Sauer et al. [2] have
applied heterologous hybridization of P. pastoris samples
to Saccharomyces cerevisiae microarrays. Alternative meth-
odological concepts like Transcript Analysis with the Aid
of Affinity Capture (TRAC) [3] may be applied preferen-
tially to subsets of the transcriptome [4], provided that
genome sequence data are available. If this is not the case,
total cDNA may be utilized as a source of probes, either by
applying expressed sequence tags to microarrays [5] or
employing RNA fingerprinting like cDNA-amplified frag-
ment length polymorphism (cDNA-AFLP) [6], which has
recently been applied to Trichoderma reesei [7]. These
unannotated methods bear of course the disadvantage
that specific hits may only be identified after sequencing
their respective probes.

Therefore oligonucleotide microarrays have become the
method of choice for many applications, although their
design depends on the availability of a genomic sequence
with good gene identification and annotation. The
genome sequence of P. pastoris is not published yet. The
data available from Integrated Genomics (IG, Chicago, IL,
USA; [8]) contain a partial gene identification and anno-
tation, so that additional effort in this direction was a first
step necessary towards development of comprehensive
DNA microarrays for this yeast species. There is a wide
choice of computational gene finders available at the
moment which can be classified into intrinsic and extrin-
sic prediction programs. Intrinsic or de novo gene finder
only use information from the sequences to be studied,
building statistical models to distinguish between coding
and non-coding regions of the genome on the basis of
biological sequence patterns [9-11]. Extrinsic gene finder
utilize homology search to determine where protein cod-
ing regions are in the genome. Their applicability is there-
fore limited to organisms that have homologs in current
databases that are correctly annotated. Because of this lim-
itation it is common to integrate homology search with de
novo prediction [12]. Most state of the art gene finders use
a form of Hidden Markov Model (HMM) differing in the
implementation and complexity of the model as well as
the ease in which users can adapt the application to their
needs [13].

It is well known that cross-hybridization can confound
microarray results rendering good probe design an essen-
tial requirement for accurate microarray analyses. The spe-
cificity of oligonucleotides is determined by the Gibbs free
energy (ΔG) of the hybridization reaction between poten-
tial binding partners. Highly specific probes will bind
their target transcript much more strongly than any other
transcript. Considering that microarray experiments are
non-equilibrium measurements, it is desirable that micro-
array probes exhibit uniform thermodynamic properties,
which many probe design tools aim to achieve by
demanding a narrow distribution of the probe-target
melting temperature Tm. Ideally, probes should have a
uniform binding free energy at the hybridization temper-
ature Thyb [14].

Previous studies have demonstrated that industrial pro-
duction strains may behave quite differently to laboratory
strains and model organisms [15], which emphasizes the
importance of analytical tools for industrially relevant
strains and species. As an example, the unfolded protein
response (UPR), a regulation circuit of high relevance for
heterologous protein production in eukaryotic cells [16],
has been shown to be differentially regulated in P. pastoris
[4] compared to S. cerevisiae [17], which is the typical
model species for hemiascomycete yeasts. The develop-
ment of specific microarrays for P. pastoris was intended to
allow a detailed analysis of UPR regulation in P. pastoris.
As in previous transcriptomics work with S. cerevisiae the
induction of UPR was either accomplished by addition of
dithiothreitol (DTT) or tunicamycin, this work aimed at a
comparison of DTT induced gene regulation in P. pastoris
to that in S. cerevisiae published by Travers et al. [17].
Finally we aimed at the comparison of DTT induced regu-
lation to the regulatory response to overexpression of
HAC1, the transcription factor controlling the UPR. Tran-
scriptional regulation of HAC1 overexpression has not
been studied for yeasts so far, so that we expected valuable
data to better define the core UPR regulated transcrip-
tome.

Results and Discussion
Gene prediction and Oligo Design
To evaluate available gene finders for their performance
on yeast genomes, three de novo gene finders (GeneMark,
Glimmer3, GlimmerHMM) were tested on the genome
sequence of S. cerevisiae. GeneMark and Glimmer3 work
with a prokaryotic Hidden Markov Model (HMM)
whereas GlimmerHMM employs a eukaryotic gene
model. GeneMark was trained with coding and non-cod-
ing sequences of S. cerevisiae, building an HMM transition
probability matrix of the 7th order. Glimmer3 and Glim-
merHMM could be trained directly on the genome in
question without specifying coding and non-coding
regions. In Lomsadze et al. [18] and Besemer and Boro-
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dovsky [9] the difficulty of eukaryotic gene finders in the
prediction of genes for organisms with few introns is dis-
cussed and linked to a lack of data for representative exon
– intron models. Our results confirmed that a gene finder
written for eukaryotes (GlimmerHMM) could not be
trained well on yeast genomes, introducing far too many
introns into the predicted genes. Both prokaryotic ver-
sions performed much better, with GeneMark predicting
less false negatives but more false positives than
Glimmer3 (Table 1). Even though the positive prediction
value was somewhat lower with GeneMark it was more
important not to miss true positives than to achieve a
lower rate of false positives. A further improvement could
be achieved by a GeneMark model for lower eukaryotes,
in which the prokaryotic algorithm is modified to use
Kozak start sites instead of prokaryotic ribosomal binding
sites. P. pastoris genes were predicted using this version of
GeneMark with the lowest possible threshold (probability
score t = 0.05) so that filter conditions could be better
controlled at a later state. The prediction yielded a total of
26,471 putative genes for the genome of P. pastoris.

In a WU-BLASTN search against S. cerevisiae, 6,374
sequences that were predicted by GeneMark, and 3,964 of
the IG predictions produced hits with S. cerevisiae using an
E value (Expectation value, [19]) of < 10-4, a hit length >
100 nucleotides and an identity of >50%. To reduce the
redundancy within the data set the predicted genes were
clustered into groups sharing more than 90% similarity
using cd-hit [20]. From a total of 31,896 candidate
sequences (GeneMark and IG predictions), 22,020 cd-hit
groups were obtained. From the cluster file it was clear
that some of the clusters had to be analyzed further before
selecting target sequences for the oligo design. After the
removal of all sequences that had a short length and a low
prediction value, complex clusters were defined as clusters
for which the minimum relative length of all sequences
was smaller than 0.9. A total of 2,612 clusters fell into this
category and were excluded at a first design stage.

Finally 19,508 predicted target sequences remained to be
tested in the first microarray experiments. OligoArray 2.1
[21] was able to design oligonucleotide probes for 17,161
sequences ranging in length from 57 to 60 nucleotides.

Validation arrays for the first list of predicted transcript 
sequences (Same-Same experiment)
With these probes 4 × 44 K slides were produced on the
Agilent microarray platform and employed for an initial
validation of the predicted transcript sequences by hybrid-
ization with the Pool samples of P. pastoris (for prepara-
tion of Pool samples see Material and Methods). One
slide had to be discarded because of quality issues. For the
remaining 12 arrays the number of probes showing a sig-
nal varied between 10,708 and 15,598. Of these, 7,980
had a signal on all 12 arrays, and only 951 probes showed
no hybridization on all 12 arrays.

Second, curated list of predicted target sequences and 
second oligo design
The results of the initial validation arrays were utilized to
adapt the list of predicted genes, keeping all predictions
for which a hybridization signal could be observed for all
arrays plus all predictions with significant sequence simi-
larity to annotated genes as well as all sequences with an
average gene prediction score > 0.5. This approach allows
for the fact that not all genes will have been actively
expressed in the target samples. Additionally, predicted
transcripts resulting from a subsequent analysis of the
complex clusters were included at this stage. Of the 2,612
complex cluster that were not included in the design for
the first batch of arrays, only 223 contained more than 2
sequences and for a further 14 no subsequence match of
at least 60 nucleotides could be found within the last
1000 bases at the 3'-end. These 237 clusters were manu-
ally curated while the rest could be automatically reduced
to one sequence. To make full use of the 15,208 features
available on the Agilent microarray platform, it was
decided to also include predicted sequences with some-
what lower gene prediction score that showed a hybridi-
zation signal in at least 8 of the 12 arrays. Finally, a
selected set of 15,253 predicted transcript sequences was
used as targets for probe design of a comprehensive P. pas-
toris microarray. While it is obvious that this list is larger
than the expected number of open reading frames
(6,000–7,000), as judged in comparison to other yeast
species [22], we intentionally included more putative
transcript sequences, as false positives with a distinct
sequence will not negatively affect microarray design or

Table 1: Comparison of gene finder performance on yeast genomic sequence data

Gene finder True positives Partly False positives False negatives Sensitivity (%) Positive prediction value (%)

Glimmer3 75 13 21 31 73.9 68.8
GlimmerHMM 1 3 68(234) 115 3.2 1.4
GeneMark 81 16 32 22 81.5 62.7

Three different gene finders were tested on the genome sequence of S. cerevisiae chromosome 1 to evaluate the quality of gene prediction. 
Sensitivity = TP/(TP + FN), positive prediction value = TP/(TP + FP); For Glimmer HMM the column False Positives contains the number of genes 
and in brackets the number of exons.
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experiments, in contrast to the damage of falsely exclud-
ing a potential transcript target.

Oligonucleotide probes were designed using a probe
design tool developed in-house, a thermodynamic
model-based oligoset optimizer ('TherMODO', [23]).
TherMODO designed probes for 15,035 sequences, of
which only 665 were predicted as having cross-hybridiza-
tion potential. The TherMODO design was compared to
probe design with eArray [24]. The distributions of ΔG
and Tm of both designs are shown in additional file 1.
Clearly the TherMODO designed probes are more uni-
form in respect to the Gibbs free energy ΔG, indicating a
superior hybridization performance [14].

The final probe design was manufactured on 8 × 15 K
slides by Agilent, and evaluated for reproducibility and
biological meaningfulness. Pool samples were applied to
2 arrays on 2 slides each, including dye swap. The scatter-
plots show uniformly high correlations > 97% both
within and between arrays, both on same and different
slides, indicating high reproducibility of hybridization
signals between identical samples. Exemplarily, a scatter-
plot of signal intensities derived from the same samples
(wild type strain untreated) is shown in Figure 1. For the
final gene list the annotation was improved in addition to
the annotation provided by IG. This resulted in 3954
annotated ORFs, of which 2989 had an IG annotation.
965 newly annotated ORFs were found, and the annota-
tion of 288 hypothetical proteins was confirmed. All
annotated genes are listed in Additional file 2.

Biological evaluation of the new microarrays
The performance of the new arrays was examined by a
hybridization experiment using samples, for which tran-
script regulation data have been obtained before [4]. The
biological question evaluated was the regulatory response
of P. pastoris to constitutive overexpression of the active
form of S. cerevisiae HAC1, the transcription factor con-
trolling UPR target genes. By this approach, the regulation
of 52 genes which have been studied before using TRAC
[3] could be verified, with 80% of these genes showing the
same regulation pattern for both methods (genes high-
lighted in bold in Additional file 2). This correlation is sta-
tistically significant based on calculating the regression (p
= 8.8 · 10-6).

The similarities and differences of UPR induction and
reaction to DTT stress have been discussed before
[4,25,26]. To achieve further insight into this technologi-
cally relevant issue, we compared the gene regulation pat-
terns of a HAC1 overexpressing strain vs wildtype control
with the regulation pattern of the wildtype treated with
DTT for 60 min vs the untreated control. Genes were qual-
ified as significantly regulated with a p-value < 0.05
(adjusted for multiple testing). 11,262 of all features on
the microarrays appeared as differentially regulated either
upon DTT treatment or HAC1 overexpression, or both.
8,480 reacted to HAC1, and 6,870 to DTT, with an overlap
of 4,088. Considering only the 3,954 annotated genes, a
similar pattern is observed with roughly half of the regu-
lated genes overlapping between DTT and HAC1, and
another half being typical only for either of the treatments

Correlation of signal intensitiesFigure 1
Correlation of signal intensities. Scatterplots of untreated wild type strain samples on (A) different arrays of the same 
slide; (B) different arrays on different slides. Red line: linear regression of the data; blue line: theoretical perfect correlation.
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(Figure 2). Accordingly, the correlation of log fold
changes of the two treatments is apparent but rather weak
(Figure 3). While DTT treatment is widely accepted as a
standard inducer of UPR, these observations indicate that
the gene regulation pattern triggered by the UPR transcrip-
tion factor Hac1 differs to a significant extent from that
exerted by DTT.

As previous research on transcriptome regulation upon
UPR induction usually employs a fold change (FC) cut-off
to highlight the strongly regulated genes, we decided to
introduce FC > 1.5 as a second criterion to identify more
strongly regulated genes for further detailed analysis (Vol-
cano plots visualizing the two criteria are provided in
Additional file 3). Although the introduction of a FC cut-
off alters the absolute number of regulated genes, it does
not alter the relative distribution of regulated genes cate-
gorized into functional groups (GO slim biological proc-
ess), as can be seen in Figure 4 and Additional file 4.

Comparison of UPR induction by DTT in P. pastoris and 
S. cerevisiae
In order to compare the effects of DTT treatment in S. cer-
evisiae with those in P. pastoris, the data published by
Travers et al. [17] for 60 min treatment of S. cerevisiae with
DTT were evaluated alongside with our results for P. pas-
toris. All genes of S. cerevisiae which were listed in [17] and
for which homologs in P. pastoris were identified were

classified as upregulated, downregulated or unregulated.
In order to compare the two data sets, a cutoff of 1.5 fold
differential expression was set in both to define regulated
genes. A significance threshold on p-values could not be
employed, as these data were not provided for S. cerevisiae.
48% of these genes defined as regulated or unregulated
reacted in P. pastoris just as in S. cerevisiae.

A closer evaluation revealed that certain GO groups were
regulated very similarly in both yeast species, while others
showed only a low degree of similarity (Table 2). Fisher's
exact test was performed to evaluate the significance of
groups with low similarity. Especially the GO groups
'translocation', 'protein folding', 'protein degradation',
and to some extent 'glycosylation' and 'transport' showed
high degrees of similarity. In some GO groups, only some
subgroups reacted similarly while others behaved differ-
ently in the two yeasts. Of the 'glycosylation' group, core
oligosaccharide synthesis and glycosyltransferase genes
behaved very similarly, while glycoprotein processing,
GPI anchoring and O-glycosylation related genes were
regulated significantly different (p < 0.05). In the 'protein
degradation' group, more similarity was observed for
ERAD genes than for ubiquitin/proteasome related genes.
Among the 'transport' gene group, budding, fusion and
retrieval of ER to Golgi showed a high degree of similar
regulation, contrary to the subgroup distal secretion. Low

Venn diagrams of differentially expressed genes upon DTT treatment or HAC1 overexpressionFigure 2
Venn diagrams of differentially expressed genes upon 
DTT treatment or HAC1 overexpression. (A, B) Regu-
lated hits with annotation; (C, D) all regulated features; (A, 
C) cut-off adjusted p-value < 0.05; (B, D) cut-off adjusted p-
value < 0.05 and FC > 1.5.

A

C D

B

Comparison of expression changes induced by DTT treat-ment and HAC1 overexpression, respectivelyFigure 3
Comparison of expression changes induced by DTT 
treatment and HAC1 overexpression, respectively. 
Log2 values of expression changes (log2 FC) caused by DTT 
(DTT treated wildtype vs untreated wildtype) and by Hac1 
(HAC1 overexpression vs wildtype) are compared. The cor-
relation coefficient r2 is indicated. Red line: linear regression 
of the data; blue line: theoretical perfect correlation.

r2 = 0.270
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Fractions of up- and downregulated genes in functional groupsFigure 4
Fractions of up- and downregulated genes in functional groups. Relative numbers of upregulated (red), downregulated 
(blue) and unregulated (yellow) genes categorized in GO biological process terms upon HAC1 overexpression (left panel) and 
DTT treatment (right panel). Shaded in black: regulated in both treatments. Upper panels: cut-off p-value < 0.05, lower panel 
cut-off p-value < 0.05 and FC > 1.5. The results of significance testing (Fisher's exact test) are given in additional file 4.
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similarities were observed for 'lipid metabolism', 'vacu-
olar protein sorting' and 'cell wall biogenesis' genes. It
becomes obvious that core UPR genes related to protein
translocation, folding and ER transport, as well as core N-
glycosylation react similarly to DTT treatment in P. pastoris
as compared to S. cerevisiae, while genes involved in proc-
esses which are more distal from ER protein folding
behave more differently, indicating that those processes
(like functions in the Golgi, [27]) differ significantly
between the two yeasts.

Overexpression of Hac1 triggers a different regulation 
pattern compared to DTT treatment
In most previous studies of the UPR in lower eukaryotic
cells, treatment with DTT or tunicamycin, or heterologous
protein expression has been employed to trigger the UPR.
This study clearly indicates that the set of regulatory events
triggered by DTT analysis only partially overlaps with the
reactions to constitutive expression of the activated form
of the UPR transcription factor Hac1 (see Figures 2 and 3).
Interestingly, both treatments resulted in the same
amount of genes being down-regulated as being up-regu-
lated, a fact that has been neglected to some extent in the
existing literature.

Those genes appearing beyond the threshold (p-value <
0.05 and FC >1.5) were subjected to a more detailed com-
parison between the effects of DTT treatment and Hac1
induced regulation. The relative numbers of up- and down-
regulated genes in each GO biological process term based
on the SGD GO slim tool [28] are depicted in Figure 4.

A pattern common to both treatments is the down-regula-
tion of major metabolic processes like carbohydrate,
amino acid and lipid metabolism, as well as that of vita-
mins, cofactors and aromatic and heterocyclic com-
pounds. This makes it obvious that the UPR has a major
impact on decreasing both catabolic and anabolic proc-
esses. On the other side, both treatments lead to up-regu-
lation of protein folding and vesicular transport. These
effects are in line with the published literature, indicating
the cellular reaction towards alleviation of the UPR
[4,25,26,17].

As expected, the genes coding for classical UPR targets are
induced both in Hac1 overproducing and in DTT stressed
cells, and genes underlined in the following paragraphs
have been identified as UPR targets in previous studies.
Especially the ER folding catalysts PDI1 and ERO1, the

Table 2: Similarity of gene regulation between P. pastoris and S. cerevisiae upon DTT treatment

Function Subfunction No. of similarly regulated/total % similar regulation

Translocation total 4/6 67
Glycosylation total 11/22 50

Core oligosaccharide synthesis 3/4 75
Oligosaccharyltransferase 4/4 100
Glycoprotein processing 1/5 20
GPI anchoring 1/4 25
Golgi/O-linked 2/5 40

Protein Folding total 5/8 63
Chaperones 3/5 60
Disulfide bond formation 2/3 67

Protein Degradation total 4/5 80
ERAD 3/3 100
Ubiquitin/Proteasome 1/2 50

Transport total 11/20 55
Budding (ER-Golgi) 4/7 57
Fusion (ER-Golgi) 1/1 100
Retrieval (ER-Golgi) 4/5 80
Distal secretion 2/7 29

Lipid Metabolism total 5/18 28
Fatty acid metabolism 0/4 0
Heme biosynthesis 2/5 40
Phospholipid biosynthesis 2/6 33
Sphingolipid biosynthesis 0/1 0
Sterol metabolism 1/2 50

Vacuolar Protein Sorting total 1/4 25
Cell Wall Biogenesis total 4/10 40

All genes that were indicated in [17] as core UPR genes in S. cerevisiae and having an annotation in P. pastoris were grouped by their GO process 
functions. Similar regulation of a gene means upregulated, downregulated or below cut-off, respectively, in both yeasts.
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DnaJ homologs JEM1 and SCJ1, the ER resident chaper-
ones CNE1 (calnexin), KAR2/BiP and LHS1 and the mito-
chondrial chaperones HSP60 and SSC1 are significantly
up-regulated in both conditions. Among the functional
group of 'protein modification' the majority of up-regu-
lated genes belong to the core oligosaccharide synthesis
(DPM1, DIE2), oligosaccharyltransferase complex (OST1,
OST2, OST3, SWP1, STT3, WBP1), glycoprotein process-
ing (ALG2, ALG7, SEC53), GPI anchor biosynthesis
(GPI2, GPI14, PSA1) and Golgi/O-linked glycosylation
(PMT1, PMT2, PMT4, PMT6). Besides these, several genes
coding for the translocon pore complex (SEC61, SEC62,
SEC63, SEC72, SSS1), which aid the translocation of nas-
cent polypeptides into the ER, are induced. Higashio and
Kohno [29] describe the stimulation of ER-to-Golgi trans-
port through the UPR by inducing COPII vesicle forma-
tion. In this context, we see SEC23, SEC24, SFB2, YIP3,
and ERV2 upregulated. However, also proteins building
the COPI coatomer, which are required for retrograde
Golgi-to-ER transport, show increased transcription levels
upon ER stress in our experiments (COP1, RET2, SEC21,
SEC27).

While we cannot give any information on ERAD regula-
tion, as HRD1 is the only annotated gene of this protein
degradation process (up-regulated in the Hac1 strain), we
observed the down-regulation of some components
involved in the assembly of the 20 S core of the 26 S pro-
teasome (ADD66, PRE1, PRE4, SCL1) and ubiquitin UBI4
upon constitutive UPR activation. In this context, Shaffer
et al. [30] describe reduced degradation of newly synthe-
sized proteins in XBP1-overexpressing human Raji cells.

Induction of genes encoding cytosolic chaperones (Cns1,
Jjj3, Hsp82, Ssa1, Ssa2, Sse1, Ydj1, Zuo1) can only be seen
in the Hac1-overproducing strain. Additionally, the ER-
resident Pdi homolog Mpd1 and two members of the PPI-
ases (FPR4 and CPR6) are only up-regulated in the engi-
neered strain, but not upon DTT addition.

One of the most striking patterns is the significant up-reg-
ulation of a large number of genes with functions in ribos-
omal biogenesis (233 genes assigned to the GO-categories
'ribosome biogenesis and assembly' and 'RNA metabolic
process'). Most of these genes are contributing to rRNA
processing (RRP family) and ribosome subunit nuclear
export and assembly, while the ribosomal proteins (RPS
and RPL families) themselves are not among the regulated
genes for P. pastoris (see Additional file 2). No genes with
a function in mRNA decay show increased transcription
levels. The induction of the above functional categories
came as a surprise, as translational down-regulation of
proteins involved in ribosomal biogenesis was recently
reported when S. cerevisiae cell were treated with DTT [31].
In contrast, the transcription levels of 9 out of the 16
mRNAs listed by these authors are enhanced in our study.

Transcriptional down-regulation of ribosomal proteins
during ER stress conditions was also revealed when rean-
alysing the raw data provided by Travers et al. [17]. How-
ever, Shaffer et al. [30] describe an increase in total protein
synthesis as well as in the number of assembled ribos-
omes upon the overexpression of the mammalian Hac1
homolog XBP1 in Raji cells, but did not observe upregula-
tion of genes related to ribosome biogenesis. A similar
effect was observed after XBP1 overexpression in CHO-K1
cells [32]. These results may be an indication that the pos-
itive effect of overexpression of the UPR transcription fac-
tor on heterologous protein production [33,34,16,35]
results not just from stimulation of folding and secretion
of proteins but also their synthesis. The induction of pro-
tein folding related genes upon Hac1 overexpression is in
line with the literature on UPR effects, while an impact on
organelle biosynthesis other than ER and Golgi has so far
only been described for mammalian cells.

The stimulatory effects of XBP1 induction on ribosomes
and organelle synthesis in mammalian cells like lym-
phocytes have been attributed to their function as dedi-
cated protein factories. On the other hand the UPR in
lower eukaryotes should rather serve to alleviate the load
of unfolded, aggregation prone protein. It will be of inter-
est in the future to investigate whether Hac1 stimulates
ribosome biogenesis in other yeasts and fungi as well, and
whether this leads to increased translation.

In this context, it is worthwhile to mention the induction
of two pathways leading to the unusual post-translation-
ally modified amino acid derivatives diphthamide and
hypusine which are exclusively found in eukaryotic trans-
lation elongation factors 2 (eEF2) and 5 (eEF5), respec-
tively [36,37]. As these biosynthetic pathways are rather
complex, and outstanding in the otherwise downregu-
lated group of 'amino acid biosynthesis', this induction
underlines the increased demand for protein synthesis.

Furthermore, we observe that ER stress leads to increased
transcription of genes coding for the large and small subu-
nits of the mitochondrial ribosomes (MRPS, RSM and
MRPL families), mitochondrial translation initiation and
elongation factors (IFM1, MEF1, MEF2) and mitochondrial
DNA polymerase (MIP1). Several essential constituents of
the mitochondrial inner membrane presequence translo-
case (TIM family) are also up-regulated, indicating
increased necessity for protein import into the mitochon-
dria. Similarly, XBP1 was shown to increase mitochondrial
mass and function in two types of mammalian cells [30].

While previous studies analysing UPR regulation mainly
focus on up-regulated genes [17], more than half of the
genes identified in our study to be regulated are strongly
down-regulated (at least 1.5 fold). As can be seen in Figure
4, anabolic processes such as vitamin production, amino
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acid and aromatic compound biosynthesis, heterocycle
metabolic processes, carbohydrate, lipid and cofactor
metabolism are among the most prominent repressed
classes in both DTT-treated as well as Hac1-overproducing
cells. The down-regulation of energy consuming biosyn-
thetic pathways emerges as a general picture during ER
stress conditions. However, it becomes obvious that the
response to the folding perturbation agent DTT strongly
differs from constitutive UPR induction by Hac1-overpro-
duction. Especially the prominent down-regulation of
genes belonging to 'electron transport' and 'cellular respi-
ration' can easily be explained by the strong reducing
capacities of DTT. Prominent members of the mitochon-
drial inner membrane electron transport chain such as
subunits of the cytochrome c oxidase (COX4, COX4,
COX5A, COX13) and the ubiquinol cytochrome-c reduct-
ase complex (COR1, QRC6, QRC7, QRC9, RIP1) are sig-
nificantly repressed upon DTT treatment. Additionally,
cytochrome c (CYC1), cytochrome c1 (CYT1) and cyto-
chrome c heme lyase (CYC3) are only under DTT-depend-
ent repression (GO: 'generation of precursor metabolites
and energy'). The reducing features of DTT are most prob-
ably also the reason for the up-regulation of genes
involved in the upkeeping of 'cellular homeostasis' and
clearly, addition of DTT is provoking a 'response to a
chemical stimulus'.

Down-regulated genes appearing in both Hac1 and DTT
in the 'protein modification' group focus on protein
kinases (CDC5, CDH1, DBF2) and components of the
ubiquitinylation complex (BUL1, CUL3) involved in cell
cycle regulation driving the cells towards mitotic exit
(CDC5, CDH1, MOB1). These effects are even more pro-
nounced in the Hac1-strain, where several more histone
modifying enzymes as well as cycline-dependent protein
kinases and components of the protein kinase C signal-
ling pathway show reduced transcription levels compared
to the wild type. Unlike reported for the filamentous fungi
T. reesei [7] and A. nidulans [26], genes encoding the his-
tones H2A, H2B, H3 and H4 appear to be down-regulated
upon secretion stress in P. pastoris.

No clear picture emerges regarding the regulation of 'lipid
metabolism': While sterol and ergosterol biosynthesis
tend to be inhibited, the production of sphingolipid pre-
cursor substances is enhanced. On the other hand, a
down-regulation of the major cell wall constituents (β-1,3
glucanases BGL2 and EXG1, cell wall mannoproteins
CCW12, CWP2 and TPI1, GPI-glycoproteins GAS1 and
SED1, PST1) and genes coding for proteins required for
the transport of cell wall components to the cell surface
(SBE22) is manifest. Taken together, these results indicate
a significant remodelling process regarding the P. pastoris
cell envelope during ER stress conditions.

Interestingly, the major groups of metabolic genes were
down-regulated upon Hac1 overexpression, indicating a
decrease of the supply of metabolites. However, it should
be noted that no reduction of the specific growth rate was
observed as compared to the wild type strain (μ = 0.37 and
0.39 h-1, respectively). A reduction of metabolic processes,
and amino acid synthesis in particular, is contradictory to
translation stimulation. Further research will be needed to
elucidate the overall regulatory pattern of UPR in respect
to protein synthesis.

Conclusion
Additional gene finding and annotation added to the
available data for P. pastoris lead to a list of approximately
4,000 genes with a putative identification of their func-
tion, and 11,000 more potential open reading frames. An
oligonucleotide probe set was designed, the hybridization
results were evaluated for reproducibility, and results
from a biologically relevant analysis were tested for mean-
ingfulness. In a direct comparison to S. cerevisiae employ-
ing DTT treatment for UPR induction, 45 out of 93 genes
reacted similarly. The differences thus observed between
P. pastoris and S. cerevisiae underline the importance of
DNA microarrays for industrial production strains. HAC1
overexpression in P. pastoris obviously leads to induction
of many genes involved in translation: most genes of
ribosome biogenesis, as well as many related to RNA
metabolism and translation were up-regulated, an effect
that has never been observed in yeasts and filamentous
fungi so far.

The upregulation of ribosomal biogenesis, RNA metabo-
lism, translation, and organelle biosynthesis is specific for
HAC1 overexpression and not observed with DTT treat-
ment, while the latter leads specifically to the upregula-
tion of genes related to chemical stimulus, and the
downregulation in the groups electron transport and res-
piration, so that these reactions have to be regarded as
specific for the treatment with a reducing agent rather
than UPR regulated.

Methods
Gene Prediction and Sequence Selection
Gene prediction and the selection of sequences for oligo-
nucleotide probes were based on sequenced contigs of the
P. pastoris genome including predictions of protein coding
genes, available through Integrated Genomics [8]. The
number of predicted genes was 5,425 of which 3,680 had
an assigned function. The ORFs were made up of experi-
mentally identified genes, as well as ORFs predicted by a
proprietary gene finder [38].

To validate and possibly improve these predictions, de
novo gene finding was conducted. First three de novo gene
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finder (GeneMark, Glimmer3, GlimmerHMM) were
tested on the genome sequence of S. cerevisiae (data from
BioMart, [39]) to evaluate their performance on yeast
genomes. As described in Results and Discussion, Gene-
Mark [40] was selected for further gene prediction on the
P. pastoris genome sequence. To run the gene prediction it
was necessary to train GeneMark on S. cerevisiae by build-
ing a matrix with transition probabilities for coding and
non-coding regions used by the Hidden Markov Model
(HMM) of the program. With the amount of data availa-
ble we were able to generate a matrix of the 7th order. The
genes of P. pastoris were predicted using the S. cerevisiae
matrix and the lowest possible probability score cut-off (t
= 0.05). In the initial stage of the microarray design the
aim was to predict as many putative ORFs as possible. In
this context a higher false positives rate was accepted in
order to keep the false negatives rate as low as possible.

The predicted sequences were merged with data from IG
and clustered by running cd-hit [20] with a similarity cut-
off of 90%. For all of the resulting sequences a BLASTX
search was done against S. cerevisiae using WU-BLAST
[19]. Blast data was further filtered for length (cutoff 55
bp) and low prediction score. Clusters comprised of more
than one gene were represented by the longest sequence,
or curated manually, if appropriate.

From this first gene list (PpaV1) microarrays were ana-
lyzed as described below. Spots with a positive signal were
determined using the mean plus one standard deviation
of the negative control probes as a cut-off. Sequences were
selected if they were positive in at least 8 out of 12 arrays.
This criterion was chosen to fill the array capacity. Addi-
tionally all sequences with a probability score higher than
0.5 or having an annotation were kept for the second set
of sequences (PpaV2).

Annotation
For the PpaV2 sequence set the program cd-hit-est [20]
was used to find all ORFs that had a global identity of >
80% with S. cerevisiae. WU-BLASTX and WU-TBLASTN
searches were conducted against S. cerevisiae, using a low
complexity filter and E < 10-7. For all the sequences that
did not have a match with S. cerevisiae under these condi-
tions the two BLAST searches were repeated against the
SwissProt/TrEMBL [41] database. A perl script was devel-
oped to summarize and compare the BLAST results.

Oligo Design and Array platform
Oligos for the PpaV1 sequences were designed with the
Program OligoArray 2.1 [21] to match the melting tem-
perature distribution of Agilent's S. cerevisiae oligos on the
Yeast Oligo Microarray (V2), design number 013384.

The oligo-set for the PpaV2 sequence set was designed
using the thermodynamic model-based oligoset opti-
mizer 'TherMODO'. This tool incorporates advanced
quantitative models for probe-target binding region acces-
sibility and position-dependent target labelling efficiency,
and replaces the common greedy search algorithm by a
global set optimization step, achieving high discrimina-
tion power for particularly uniform probe sets [23].
Probes for Agilent arrays are limited to a maximum length
of 60 nucleotides by the manufacturing process. For
increased flexibility in the probe design, the oligoset
design optimization considered probes ranging in length
from 57 to 60 nucleotides.

These arrays were produced on Agilent 60 mer oligonucle-
otide high density arrays 4 × 44 K (with 42,034 available
features) for PpaV1 and 8 × 15 K (with 15,208 available
features) for PpaV2.

Experimental Design
For the first batch of arrays a same-same design was used,
employing six replicates each of Pool 1 and of Pool 2. The
aim of this experiment was to determine which of the
probes hybridize to P. pastoris targets. For the second
batch of arrays a two-state comparison set up was chosen
with 6 replicates for each experiment of which 3 were dye
swapped.

Strains und Cultures
For the first batch of arrays the aim was to determine
which of the predicted probes hybridize with targets from
P. pastoris. To make sure that many genes were active it was
important to pool samples from various conditions of the
cells. Samples were taken from two different P. pastoris
strains, X-33 and CBS2612, grown on different media and
taken at both exponential and stationary growth phase.
The media were YP Medium (1% yeast extract, 2% pep-
tone and either 2% glucose, 2% glycerol or 0.5% metha-
nol as carbon source), Buffered Minimal Medium (1.34%
yeast nitrogen base, 4 × 10-5% biotin, 100 mM potassium
phosphate pH 6.0 and either 2% glucose, 2% glycerol or
0.5% methanol as carbon source), and Buffered Minimal
Medium described above supplemented with amino acids
(0.005% of L-glutamic acid, L-methionine, L-lysine, L-leu-
cine and L-isoleucine). The samples were combined into
two pools with Pool 1 containing 18 samples from the
exponential growth phase and Pool 2 containing 18 sam-
ples from the stationary phase. Both pools additionally
contained seven chemostat samples of the strain X-33
3H6Fab, grown as in [42].

For the UPR experiments, strains GS115 HAC1, constitu-
tively overproducing the activated form of S. cerevisiae
Hac1, as described in Gasser et al. [33,4], as well as GS115
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transformed with the empty vector pGAPHIS (a histidine
prototrophic isogenic strain of GS115) were cultivated in
YPD (YP as above with glucose) at 28°C. After growing
the cultures to an OD600 = 5.7, dithiothreitol (2.5 mM)
was added where appropriate. After 1 more hour of culti-
vation, 1 ml culture was added to 0.5 ml precooled phe-
nol solution (5% in absolute ethanol) and centrifuged
immediately for 30 sec at 13.000 rpm. After discarding the
supernatants the pellets were frozen at -80°C.

RNA Isolation
All samples were resuspended with 1 mL TRI Reagent
(Sigma). Cells were disrupted after addition of 500 μL
glass-beads with a Thermo Savant Fastprep FP120
Ribolyzer by treatments of 2 × 20 sec at 6.5 ms-1. RNA was
extracted with chloroform, precipitated with isopropanol,
washed with 75% ethanol and dissolved with diethylpy-
rocarbonate treated water. The extracted RNAs were quan-
tified via absorption at 260 and 280 nm. The quality of
the RNA samples was verified with the Agilent Bioanalyzer
2100 and RNA 6000 Nano Assay kit (Agilent Technolo-
gies, California).

Labeling and Hybridization
Hybridization targets for P. pastoris microarrays were pre-
pared according to Agilent's Two-Color Microarray-Based
Gene Expression Analysis protocol (Version 5.5, February
2007). Purification of the labelled and amplified RNA was
conducted using RNeasy mini spin columns (Qiagen).
The quality of labelled cRNA was evaluated on the Agilent
Bioanalyzer 2100 and quantified using a ND-1000 Nano-
Drop Spectrophotometer. Fragmented cRNA samples
were applied to the individual arrays. The slides were
placed into Agilent hybridization oven and hybridized for
17 h, at 65°C and 10 rpm.

Microarray Analysis
Slides were scanned with an Agilent MicroArray Scanner
and intensities were extracted using Agilent's Feature
Extraction software (version 9.1). The resulting data was
imported into R where data pre-processing and normali-
zation was performed. In the pre-processing step all out-
liers and saturated spots were given the weight zero. After
plotting the data we decided to refrain from background
correction since it has the tendency to add more noise to
the data [43]. The data were normalized using locally
weighted MA-scatterplot smoothing (LOESS) followed by
a between array scale normalization. Both functions are
available within the limma package of R [44]. For the
selection of differentially expressed genes linear models
were fitted to the log-ratios of the expression data sepa-
rately for each gene. An empirical Bayes approach was

used to shrink the probe-wise sample variances towards a
common value yielding a moderated t-statistic per gene
[45]. P-values were corrected for multiple testing using
Holm's method [46]. Features were defined as differen-
tially expressed if they had a p-value < 0.05. For the iden-
tification of stronger regulatory effects an additional cut-
off for the fold change (FC) of 1.5 > FC > 1/1.5 was
applied. Description of the platform, array, raw data as
well as processed data were deposited at ArrayExpress [47]
under the accession numbers A-MEXP-1157.

All annotated P. pastoris genes were categorized into GO
biological process terms using the SGD GO slim tool [28],
whereby P. pastoris specific genes were included into the
term 'other'. The significance of a deviation of the number
of up- or downregulated genes in each group from the
average was verified with a Fisher test (Additional file 4).
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1 Introduction

Genome-scale metabolic models have been uti-
lized with great success in the last decade in a num-
ber of different applications from microbial meta-

bolic engineering for producing various bioprod-
ucts to the discovery of new information from the
biological system. Use of the genome-scale meta-
bolic models has enabled designing strategies for
increasing the production of target compounds [1],
such as nutritional supplements [2] and biofuels
[3]. Metabolic models have also been utilized for
identifying targets for new drugs against pathogen-
ic microorganisms [4], and have been useful in dis-
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covering new information on the biological systems
that they represent. Currently, most of the genome-
scale metabolic models describe bacterial systems,
due to their widespread use in the field of biotech-
nology and their lower degree of cellular complex-
ity compared to eukaryotic systems. A few eukary-
otic metabolic models developed to date have been
limited to those of model organisms, such as Sac-
charomyces cerevisiae, Aspergillus nidulans, Mus
musculus, Arabidopsis thaliana and Homo sapiens
[5–10]. Here we present the reconstruction of the
genome-scale metabolic model of an industrially
important methylotrophic yeast Pichia pastoris
type strain DSMZ 70382.

The methylotrophic yeast P. pastoris is well
known for its ability to efficiently produce heterol-
ogous proteins [11], and has been recently de-
scribed for metabolic engineering applications
[12]. Its high capability for producing heterologous
proteins is due to the presence of its highly in-
ducible expression systems. Proteins destined for
therapeutic applications require the proper post-
translational modification to be effective and safe
for human usage. P. pastoris is capable of modifying
the recombinant proteins post-translationally so
that they are structurally and functionally similar,
if not identical, to their human counterparts [13,
14]. For example, the N-glycosylation pathway in P.
pastoris has been engineered successfully to yield
heterologous proteins with human-like N-glycan
structures [15–17]. This makes P. pastoris invalu-
able for the production of heterologous proteins in-
tended for pharmaceutical applications [18–20].
These characteristics make P. pastoris an ideal
platform for the production of recombinant thera-
peutic proteins [19].With the complete genome se-
quence of P. pastoris being available, a greater un-
derstanding of P. pastoris can be attained and con-
sequently used for metabolic engineering of this
organism [21, 22].

Here, we report the reconstruction of the
genome-scale metabolic model of P. pastoris,
PpaMBEL1254, which consists of 1254 metabolic
reactions and 1147 metabolites divided among 8
different compartments to represent eight differ-
ent organelles or regions in the cell. The metabolic
model was reconstructed from the annotated
genome, supplemented with knowledge available
in databases [23–25].The metabolic model was val-
idated using experimental data obtained from this
study and previous reports. Additionally, produc-
tion of two heterologous proteins was implement-
ed and flux variability analysis was performed to
study the physiology and protein production capa-
bility of P. pastoris under oxygen-limited condi-
tions.

2 Materials and methods

2.1 Model reconstruction

The initial reconstruction of the metabolic model
was performed using the set of biochemical reac-
tions annotated from the genome based on the
gene to protein to reaction (GPR) relationship [26].
Biochemical functions were assigned to functional-
ly ambiguous proteins based on sequence homolo-
gy to proteins with known functions found in other
species. Databases were employed to supplement
the genome annotation during the reconstruction
process, such as TransportDB for transport reac-
tions [24]. Literature data were also employed to fill
in the gaps in the annotation (Fig. 1).

Water and hydroxyl ions were not balanced as
it was assumed that there are other non-enzy-
matic functions in the cell that use these mole-
cules, so that they do not need to be balanced in
the set composed of enzymatic reactions.The com-
plete list of metabolic reactions and metabolites in
PpaMBEL1254 can be found in the Supporting
Information S1. The biomass reaction was assem-
bled using biomass components, such as carbohy-
drates, amino acids and fatty acids, and their re-
spective contributions to the formation of biomass
are indicated. Data on the composition of the bio-
mass components were taken from experimental
measurements and literature data (see Supporting
Information S2) [27].

2.2 Strains

Two strains of P. pastoris were used in this work, the
type strain (DSMZ 70382, also known as CBS704)
and strain GS115. The latter is the most frequently
employed strain for protein production. The
genome sequence of the P. pastoris type strain
DSMZ 70382 was used and its annotation is the ba-
sis of this genome-scale metabolic model recon-
struction. Because of the high degree of identity of
the coding sequences between the P. pastoris type
strain DSMZ 70382 and the P. pastoris GS115
(93.7% average identity on amino acid level) as well
as the functional annotation, the model is suitable
for representing both strains. Experimental work
was performed with strain GS115 and its deriva-
tives.

2.3 Culture condition

P. pastoris was cultured as follows. An overnight
shake flask culture was used to inoculate a defined
2 L batch medium with 40 g glucose/L as a sole car-
bon source, to a starting optical density (OD600) of
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1.0 [28]. The cultivation was carried out in a 5.0-L
bioreactor (Infors, Bottmingen-Basel, Switzer-
land). The fermentation temperature was con-
trolled at 25°C, and the pH was kept at 5.0 with ad-
dition of 25% ammonium hydroxide. The dissolved
oxygen concentration (DOC) was maintained
above 20% of saturation by controlling the stirrer
speed between 250 and 1200 rpm and the air flow
between 2.0 and 5.0 L/min. Oxygen and carbon
dioxide in the exiting gas were monitored during
the whole process (BlueSense, Herten, Germany).
Chemostat cultures were performed by adjusting
the flow rate of chemostat medium [29] and the
harvest rate to maintain a dilution rate D of 0.1/h
after the end of the batch phase.

2.4 Sampling and analysis

Samples were taken frequently over the whole cul-
tivation process and analyzed as described below.
Three 10-mL aliquots of culture broth were cen-
trifuged and the supernatant was saved for HPLC
analysis.The pellets were washed in distilled water
and re-centrifuged, transferred into weighed
beakers and dried at 105°C until a constant weight
was attained.The supernatant was analyzed for ex-
tracellular metabolites (glucose, ethanol, acetic
acid, propionic acid, formic acid, pyruvic acid and

acetaldehyde) by HPLC (Prominence, Shimadzu,
Japan) using an ion exchange column Aminex
HPX-87H (Bio-Rad).The mobile phase was an iso-
cratic flow of 0.6 mL/min of 4 mM sulfuric acid.The
peaks were detected by a refraction index detector
(RID-10A Shimadzu, Japan) and quantified by the
peak height.

2.5 Energetic parameter calculation

ATP requirement for cellular survival was deter-
mined by energetic parameters that were calculat-
ed from experimental data. There are two forms of
energetic parameters: growth-associated mainte-
nance energy (GAME) and non-growth-associated
maintenance energy (NGAME). GAME (g/g DCW)
is represented in the biomass equation as ATP and
NGAME (mmol/g DCW/h) is represented as an in-
dependent ATP consumption reaction. The flux for
the ATP consumption reaction representing
NGAME is fixed to a specific value, which is calcu-
lated from experimental data.The data used to cal-
culate the energetic parameters for P. pastoris were
taken from glucose-limited chemostat fermentation
(see Supporting information S3). The energetic pa-
rameters were calculated according to the equation

rATP = YxATP · μ + mATP (1)
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Figure 1. Metabolic reconstruction
process starting with the annotated
P. pastoris genome in the center of the
circle. With the full genome sequence,
the reconstruction of the metabolic
model proceeds in an iterative manner,
represented by the loop, with updates
to the metabolic model being incorpo-
rated as new data and information are
uncovered.
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where YxATP corresponds to the GAME, μ is the spe-
cific growth rate, mATP is the NGAME and rATP is
the rate of ATP being utilized by the P. pastoris.The
values for YxATP and mATP were adjusted until pre-
diction values matched the results obtained from
the chemostat data. Detailed procedure in calculat-
ing the energetic parameters can be found else-
where [30, 31].

2.6 Constraints-based flux analysis

For the analysis of the genome-scale metabolic
model, constraints-based flux analysis was used
where the internal metabolites are first balanced
under the assumption of pseudo-steady state [32].
This results in a stoichiometric model Sij · vj = 0, in
which Sij is a matrix of the stoichiometric coeffi-
cients of all the metabolic reactions, while i repre-
sents the metabolite index of the jth reaction.An el-
ement in the vector vj represents the flux of the jth

reaction given in mmol/g DCW/h. Linear program-
ming (LP), subject to the constraints pertaining to
mass conservation, reaction thermodynamics and
the strain’s physiological characteristics, was car-
ried out to determine the fluxes [31]. Reaction flux-
es were calculated towards the maximization or
minimization of an objective function, usually the
maximization of the biomass formation rate, under
the constraints of upper and lower fluxes bounds
for each reaction j (vj,min ≤ vj ≤ vj,max).The upper and
lower bounds for each metabolic reaction were set

to ∞ and – ∞, respectively, for reversible metabolic
reactions and ∞ and zero for irreversible metabolic
reactions. Constraints for glucose and oxygen up-
take rates were set to values determined experi-
mentally including the constraint for the metabol-
ic reaction representing the maintenance energy
requirement. The flux of any irreversible reaction
is considered to be positive; for reversible reac-
tions, a negative flux signifies the reverse direction
of the reaction.

Growth medium in the in silico environment
was determined by applying constraints to repre-
sent the presence or absence of specific com-
pounds. The minimal media contained ammonia,
phosphate, sulfate, oxygen and a carbon source
(usually glucose). In carbon utilization studies, glu-
cose was replaced with the carbon substrate of in-
terest. The uptake rates for ammonia, phosphate,
and sulfate were not constrained, allowing the in
silico cell to freely utilize them.The glucose uptake
rate was set to 2.88 mmol/g DCW/h, which was de-
termined from batch cultures (Fig. 2); it was deter-
mined from the change in glucose concentrations
during the exponential growth phase (time 18 and
24 h). The upper limit for oxygen uptake rate was
set to 4.14 mmol/g DCW/h, which was also deter-
mined from the fermentation results.

The production of heterologous proteins was
implemented by the formulation of additional re-
actions that describe biosynthesis of the proteins of
interest. The metabolite components incorporated

Figure 2. Batch fermentation profile of
P. pastoris grown in a minimal medium
with glucose from which the parameters
that were used as constraints in PpaM-
BEL1254 were calculated. The region of
interest for genome-scale in silico meta-
bolic simulation is the exponential
growth phase where the maximum
growth rate occurs.
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into the reaction include nucleotides, to represent
the recombinant DNA and mRNA sequence, and
amino acids to represent the polypeptide sequence
of the recombinant protein. Additionally, energetic
requirements for the polymerization of the
polypeptide were included into the reaction. The
stoichiometric relation of DNA, mRNA and protein
was calculated based on literature and experimen-
tal data.As the model was based on the constitutive
expression system using the GAP promoter and
glucose as a substrate, 100 transcript copies were
assumed per gene copy, as described for the Gapdh
gene of S. cerevisiae. For both human serum albu-
min (HSA) and human superoxide dismutase
(hSOD) approximately 105 protein copies per gene
copy were calculated for steady state based on the
experimental data described by Marx et al. [33].The
protein production reaction is summarized in
equation (2)

a∑dNTP(DNA) + b∑NTP(mRNA) + c∑(Amino acid)
+ xGTP(Energy for protein synthesis) 
→ cProtein + xGDP + xPi (2)

where a, b, and c are coefficients which represent
the ratios at which DNA, mRNA and protein are
found in the cell, respectively, and x is the amount
of cellular energy required to drive this process.
This was determined using the conversion of 2 mol
GTP/1 mol amino acid in the protein sequence.
Cellular energy for the polymerization of the nu-
cleotides was considered to be negligible due to the
relatively low molar ratios of DNA and mRNA to
proteins.As outlined above, the molar ratio of DNA
to mRNA to proteins was determined to be approx-
imately 1:100:100 000 and the number of gene
copies encoding for the proteins are 5 and 15 for
HSA and hSOD, respectively. Detailed information
on the nucleotide and amino acid sequence of HSA
and hSOD can be found in Supporting Information
S4.

3 Results and discussion

3.1 Characteristics of the genome-scale metabolic
network, PpaMBEL1254

The initial draft model of PpaMBEL1254 was re-
constructed by assembling a list of metabolic reac-
tions based on the annotated genome sequence of
P. pastoris DSMZ 70382 [21, 22]. The draft model
was further supplemented with information found
in biochemical and genetic databases, such as
KEGG [23] and the Pichia genome database [25], as
well as biochemical information obtained from ex-

perimental studies of P. pastoris or yeast-specific
literature. Compartments were used to represent
the different organelles present in the eukaryotic
cell.Assignment for the metabolic reactions to each
compartment was based on information available
in literature complemented by computational lo-
calization using a combination of motif finding and
prediction tools described in Mattanovich et al.
[21]. Localization information from S. cerevisiae
was used if no organelle localization information
was available for the metabolic reaction.The meta-
bolic reactions localized in the cytoplasm, mito-
chondria, nucleus, and peroxisome are represent-
ed by more than 97% of the metabolic reactions and
the remaining 3% are represented by reactions in
the extracellular environment, vacuole, endoplas-
mic reticulum, and Golgi apparatus.These percent-
ages do not include the exchange reactions be-
tween the compartments.

The genome-scale model for the yeast P. pas-
toris, PpaMBEL1254, contains 1254 metabolic reac-
tions and 1147 metabolites.The model accounts for
540 genes from P. pastoris, or approximately 9.9% of
the total number of predicted ORFs (Table 1). A to-
tal of 144 metabolic reactions were also included in
the model despite the absence of their respective
annotations based on physiological evidence in the
literature and from experiments.The metabolic re-
actions were divided into 50 different pathways
based on their functional roles in the metabolism
(see Supporting information S1).

An important metabolic reaction included in
PpaMBEL1254 is the reaction representing the
biosynthesis of biomass specific to P. pastoris. All
known biomass components from different parts of
the metabolic network as well as their correspon-
ding contributions to the synthesis of biomass were
combined together to construct the biomass reac-
tion. Data taken from literature as well as experi-
mental data measuring the components from cul-
tures of P. pastoris were utilized (see Supporting in-
formation S2) [34]

3.2 Comparison of PpaMBEL1254 with the
S. cerevisiae metabolic models

The properties of PpaMBEL1254 were compared to
two previously published metabolic models of S.
cerevisiae (Table 1) [7, 35]. In comparing the meta-
bolic models of the two species, it was found that S.
cerevisiae has a higher ORF representation (16%
and 20% for iFF708 and iMM904, respectively) than
P. pastoris, which has an ORF representation of
9.9% of the total number of ORF predicted. This
high representation in S. cerevisiae can be ex-
plained by the large number of redundant genes

Biotechnol. J. 2010, 5 www.biotechnology-journal.com
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present in S. cerevisiae for several metabolic reac-
tions [7, 35]. Additionally, the larger volume of in-
formation pertaining to S. cerevisiae also con-
tributes to the larger representation due to more
detailed characterization of its metabolism and ge-
netic characteristics.

S. cerevisiae has been widely employed as a host
for heterologous protein production due to its sta-
tus as a model organism for eukaryotes. As P. pas-
toris has been gaining momentum as an attractive
host for heterologous protein production, we com-
pared the maximum capabilities of P. pastoris to
produce all 20 amino acids with those of S. cerevisi-
ae. Results show that the maximum production ca-
pacities for producing amino acids were the same
between the P. pastoris and S. cerevisiae, with the
exception of cysteine and asparagine (Fig. 3). This
suggests that both yeasts possess similar capacities
in synthesizing amino acids, and subsequently pro-
teins, and thus other characteristics such as post-
translational modification and high expression
systems will have to be considered in choosing a
suitable host for heterologous protein production.

Simulations were also performed to determine
gene essentiality in minimal medium with glucose.
Gene knockout simulations using constraints-
based flux analysis have identified 123 essential re-
actions in P. pastoris and 1041 non-essential reac-
tions when simulating growth in in silico minimal
medium supplemented with glucose. The remain-
ing 83 reactions show retarded growth compared to
the ‘wild type’ when they were knocked out in sili-
co. Thus, 9.4% of the reactions are essential and
90.6% are non-essential or partially essential to P.
pastoris (see Supporting information S5 for detail).
These percentages of essential and non-essential
reactions are similar to those for S. cerevisiae,
where 12.9% of the genes in the S. cerevisiae model
are essential and 87.1% are non-essential [35].

The essential metabolic reactions were also ex-
amined based on the functional categories of the
metabolic reactions (Fig. 4). Single knockout simu-
lations were performed using PpaMBEL1254 and

iMM904 [35] under the same in silico glucose min-
imal media conditions. The ratios of essential, par-
tially essential and non-essential reactions are
shown for P. pastoris (Fig. 4A) and S. cerevisiae
(Fig. 4B). Comparison of the distribution of the es-
sential reactions in each functional category be-
tween P. pastoris and S. cerevisiae shows an almost
identical distribution, with the exception of the
pentose phosphate pathway. Analysis of the meta-
bolic reactions in the pentose phosphate pathway
shows that the results from the knockout simula-
tions of the S. cerevisiae model incorrectly predict-
ed three reactions, glucose-6-phosphate iso-
merase, glucose-6-phosphate dehydrogenase, and
6-phosphogluconate dehydrogenase, to be com-

Table 1. Metabolic network characteristics of P. pastoris and comparison with S. cerevisiae

S. cerevisae P. pastoris
iFF708 [39] iMM904 [35] PpaMBEL1254

Metabolic reactions 1175 1413 1254
Transport 349 395 293
Cytoplasmic 702 709 573
Mitochondrial 124 175 155
Other compartments – 134 292

Metabolites 733 1230 1147
Gene coverage 708 (16%) 904 (20%) 540 (9.9%)

Figure 3. Maximum amino acid production capacity in P. pastoris and
S. cerevisiae (mol/mol glucose). Amino acid abbreviations are as follows:
ALA, alanine; ARG, arginine; ASN, asparagine; ASP, aspartate; CYS,
cysteine; GLN, glutamine; GLU, glutamate; GLY, glycine; HIS, histidine;
ILE, isoleucine; LEU, leucine; LYS, lysine; MET, methionine; PHE, pheny-
lalanine; PRO, proline; SER, serine; THR, threonine; TRP, tryptophan; TYR,
tyrosine; VAL, valine.
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pletely essential and was confirmed using the S.
cerevisiae database [36].While the results from the
knockout simulation of the PpaMBEL1254 model
were in good agreement with data found with S.
cerevisiae, there is a possibility that these results
are not true. Therefore, further experimental stud-
ies detailing the knockout phenotypes of P. pastoris
are required.

3.3 Carbon source utilization

The in silico growth capabilities of P. pastoris rep-
resented by PpaMBEL1254 were examined and
compared with information found in literature [37].
Growth characteristics with 25 different carbon

sources were examined by substituting each com-
pound into the in silico minimal medium (Table 2).
Among the 25 different carbon sources examined,
3 of them, 1,2 propanediol, L-rhamnose, and man-
nitol, failed to support growth of in silico P. pastoris,
which contradicts the experimental evidence [37].
Investigation of the metabolic pathways for these
substrates elucidated several essential metabolic
reactions in the metabolism of these compounds
that were unannotated and absent from the meta-
bolic model. Addition of the respective non-gene-
associated metabolic reactions allowed in silico P.
pastoris to grow on these three compounds
(Table 2). The remaining 22 substrates were in
agreement with data regarding the substrate uti-

Biotechnol. J. 2010, 5 www.biotechnology-journal.com

Figure 4. Results from simulations of de-
termining essential metabolic reactions.
(A) The ratios of essential reactions to par-
tially essential reactions to non-essential
reactions in each functional category in P.
pastoris using PpaMBEL1254. (B) The ra-
tios of essential reactions to partially es-
sential reactions to non-essential reactions
in each functional category in S. cerevisiae
using iMM904.
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lization capability of P. pastoris. Of the 22 sub-
strates, 7 of the substrates displayed biomass for-
mation and the remaining 15 substrates were un-
able to generate biomass.

Using glucose as a carbon source, the specific
growth rate (e.g., biomass formation rate) was esti-
mated in silico using the PpaMBEL1254. At the ex-
perimentally measured glucose uptake rate of
2.88 mmol/g DCW/h, which was determined from
the batch fermentation run in Fig. 2 during the ex-
ponential growth phase (18 and 24 h), and the oxy-
gen uptake rate of 4.14 mmol/g DCW/h, the growth
rate calculated using the objective function of max-
imizing the biomass formation was 0.244/h, which
is close to the experimentally measured maximum
specific growth rate of 0.2/h; thus, the maximum
experimentally observed specific growth rate is
83% of the value predicted in silico.

3.4 Simulation of heterologous protein production

P. pastoris has been receiving much attention as a
platform for the production of heterologous pro-
teins for biotechnological applications. Here, we
used PpaMBEL1254 as a tool to design strategies
for engineering P. pastoris towards enhanced het-

erologous protein production. Production of het-
erologous proteins was implemented in the meta-
bolic model by introducing several metabolic reac-
tions as described in the Materials and methods
section. Key components represented in the
biosynthesis of the recombinant protein include
the nucleotides necessary to represent the genes
encoding the target protein, the mRNA composi-
tion, and amino acids that make up the protein.The
molar ratios for the components were measured in
the cell (see Materials and methods for details).
Additionally, the energy requirement for the poly-
merization of the protein was calculated and in-
cluded in the metabolic network. Because each
protein sequence is unique, different versions of
the metabolic model were constructed to reflect
those differences (Table 3). Here, the production
of the proteins HSA and hSOD is represented in
the metabolic models PpaMBEL1254_HSA and
PpaMBEL1254_hSOD, respectively [27, 38]. Before
examining the effect of oxygen limitation on the
production of heterologous proteins, the in silico
maximum production rates were calculated. Using
the objective function of maximizing the intracel-
lular production rate of HSA or hSOD, the simula-
tion results showed that the maximum production
rates of HSA and hSOD were 0.28 and 0.32 g/g
DCW/h, respectively. The proteins of interest to be
produced by P. pastoris are usually targeted for se-
cretion. Thus, an interesting future study will be to
correlate the protein production with secretion.

3.5 In silico analysis of heterologous protein
production in P. pastoris under oxygen
limitation

Production of heterologous proteins is impacted by
a number of factors. In P. pastoris, it has been re-
ported that hypoxic culture condition leads to the
increase in productivity of the heterologous pro-
teins by two- to threefold over fully aerobic condi-
tion [38].Thus, flux variability analysis was carried
out to investigate the impact that oxygen uptake
rate has on protein production within a range of
possible oxygen uptake rates; the oxygen uptake
rate was used as a constraint to simulate the hy-
poxic environment for PpaMBEL1254_HSA and
PpaMBEL1254_hSOD.The growth rate was also ex-
amined for each state to determine an optimal
physiological state that balances growth and het-
erologous protein production. Also, it was noted
from fed-batch cultures during the heterologous
protein production that ethanol is also produced
[38]. In that experiment, the ethanol concentration
increased from 2 to 10 g/L when the cell concen-
tration increased from 65 to 71 g DCW/L.This gives

Table 2. List of substrates which can or cannot be metabolized by 
P. pastoris

Experimental In silico

D-Glucose + +
DL-Lactate + +
Ethanol + +
Glycerol + +
Sorbitol + +
Succinate + +
Trehalose + +
D-1,2 Propanediol + +
L-Rhamnose + +
Mannitol + +
Starch + +
D-Arabinose – –
D-Ribose – –
D-Xylose – –
Galactose – –
Lactose – –
L-Arabinose – –
L-Sorbose – –
L-Tryptophan – –
Maltose – –
Sucrose – –
Thiamine – –
Xylitol – –

+, Cell growth is observed experimentally or in silico; –, cell growth is not
observed experimentally or in silico.
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an ethanol secretion rate of 0.511 mmol/g DCW/h.
Thus, an additional constraint of ethanol produc-
tion (0.5 mmol/g DCW/h) was introduced during
the simulation.

Results from the simulations are represented in
contour plots with the oxygen uptake rate and pro-
tein production rate on the horizontal and vertical
axes, respectively, and the specific growth rate rep-
resented by the contour lines (Fig. 5). The plot
shows that the specific growth rate decreases as
oxygen uptake rate decreases as expected. Like-
wise, the specific growth rate also decreases as the
protein production rate increases for high levels of
oxygen uptake rate (more than 5 mmol/g DCW/h).
However, when the oxygen uptake rate is less than
5 mmol/g DCW/h, the specific growth rate increas-
es or remains the same as the protein production
rate increases for a given oxygen uptake rate, up to
an optimal point. This optimal point displays the
maximum rate of protein production that can be
achieved without retarding the growth rate at a
specified oxygen uptake rate. Beyond the optimal
point for a given oxygen uptake rate, the specific
growth rate begins to decrease, as observed for
higher oxygen uptake rate cases. The optimal
points can be seen to follow an inverse linear path
where the optimal protein production rate increas-
es as the oxygen uptake rate decreases as indicat-
ed by the solid line in Fig. 5. This relationship be-
tween the optimal protein production rate and the
oxygen uptake rate was observed in hypoxic fed-
batch cultures where the productivities of three
different proteins produced by P. pastoris increased
when oxygen limitation was applied [38].

While both HSA and hSOD showed increasing
optimal protein production rates as the oxygen up-
take rate decreased, the production rates of the two
proteins responded differently to decreasing levels

Biotechnol. J. 2010, 5 www.biotechnology-journal.com

Table 3. Metabolic reactions representing the production of the heterologous proteins HSA and hSOD

Protein name Metabolic reaction

Human serum albumin 8.05e-05 pDNA + 8.41e-03 pRNA + 0.99 pAA → HSA
DNA 0.923 damp + 0.695 dcmp + 0.923 dtmp + 0.695 dgmp → pDNA
RNA 0.889 damp + 0.669 dgmp + 0.669 dcmp + 0.889 dump → pRNA
Amino acid 0.8928 alaL + 0.4032 argL + 0.2448 asnL + 0.5184 aspL + 0.504 cysL + 0.288 gluL + 0.8928 glnL +

0.1872 glyL + 0.2304 hisL + 0.1296 ileL + 0.9216 leuL + 0.864 lysL + 0.1008 metL + 0.504 pheL +
0.3456 proL + 0.4032 serL + 0.4176 thrL + 0.0288 trpL + 0.2736 tyrL + 0.6192 valL + 1.22 gtp → pAA
+ 1.22 gdp +1.22 pi

Human superoxide dismutase 8.97e-05 pDNA + 9.46e-03 pRNA + 0.99 pAA → hSOD
DNA 0.823 damp + 0.795 dcmp + 0.823 dtmp + 0.795 dgmp → pDNA
mRNA 0.791 damp + 0.765 dgmp + 0.765 dcmp + 0.791 dump → pRNA
Amino acid 0.6284 alaL + 0.3625 argL + 0.4399 asnL + 0.6912 aspL + 0.2514 cysL + 0.6284 gluL + 0.1885 glnL +

1.571 glyL + 0.5027 hisL + 0.5656 ileL + 0.5656 leuL + 0.6912 lysL + 0.0628 metL + 0.2514 pheL +
0.3142 proL + 0.0628 serL + 0.5027 thrL + 0.0628 trpL + 0 tyrL + 0.8798 valL + 0.31 gtp → pAA +
0.31 gdp + 0.31 pi

Figure 5. Simulation results showing the impact of oxygen limitation on
protein production and growth rate. The solid black line represents the
points along which the optimal protein production rate occurs for a given
oxygen uptake rate. (A) Flux variability analysis of HSA production and
specific growth rate to different oxygen uptake rates, and (B) flux variabili-
ty analysis of hSOD production and specific growth rate to different oxy-
gen uptake rates.
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of oxygen uptake rates. The line representing the
optimal protein production for HSA (Fig. 5A I) has
a steeper slope compared with the line for hSOD
production (Fig. 5B II).This indicates that the opti-
mal production level for HSA is more sensitive to
changing oxygen uptake rate compared with hSOD.
On the other hand, the HSA production rate is less
sensitive to the specific growth rate compared to
the hSOD production rate; the hSOD production
rate increase is accompanied with the rapid change
in specific growth rate.These differences can be at-
tributed to the different properties in expressing
these proteins in P. pastoris and is incorporated in
the protein production reactions in the metabolic
model. In P. pastoris, there are 15 copies for the
gene that encodes for hSOD, compared to 5 copies
for the gene encoding for HSA. Due to the higher
number of gene copies, hSOD production would re-
quire more cellular resources including DNA, RNA
and amino acids towards the production of the pro-
tein and thus negatively affect cell growth
(Table 3). HSA production, on the other hand, re-
quires less precursors, and thus, it would not redi-
rect too much cellular resources away from cell
growth.

4 Concluding remarks

In this paper, we have presented the first re-
construction of the genome-scale metabolic mo-
del of the methylotrophic yeast P. pastoris,
PpaMBEL1254, based on the annotation of the re-
cently sequenced genome of P. pastoris and avail-
able literature information. As this is the first re-
construction of the metabolic model for this
species, we take another step towards attaining a
more comprehensive understanding of its meta-
bolic capabilities. Here, we incorporated the pro-
duction of two heterologous proteins, HSA and
hSOD, and investigated how the oxygen supply af-
fects its physiology and capabilities in producing
these two proteins. Analysis of the physiology un-
der oxygen limiting conditions determined an opti-
mum state that maximizes protein production
without decreasing the growth rate for a given oxy-
gen uptake rate.As a result, fermentation strategies
can be designed to optimize protein production and
growth rate by limiting the oxygen supply.With this
metabolic model as a basis, further studies in un-
derstanding and engineering P. pastoris to increase
protein production can be explored, such as gene
knockout and gene overexpression simulations.
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Abstract
Background: While text-mining and distributed annotation systems both aim at capturing
knowledge and presenting it in a standardized form, there have been few attempts to investigate
potential synergies between these two fields. For instance, distributed annotation would be very
well suited for providing topic focussed, expert knowledge enriched text corpora. A key limitation
for this approach is the availability of literature annotation systems that can be routinely used by
groups of collaborating researchers on a day to day basis, not distracting from the main focus of
their work.

Results: For this purpose, we have designed BibGlimpse. Features like drop-to-file, SVM based
automated retrieval of PubMed bibliography for PDF reprints, and annotation support make
BibGlimpse an efficient, light-weight reprint manager that facilitates distributed literature research
for work groups. Building on an established open search engine, full-text search and structured
queries are supported, while at the same time making shared collections of annotated reprints
accessible to literature classification and text-mining tools.

Conclusion: BibGlimpse offers scientists a tool that enhances their own literature management.
Moreover, it may be used to create content enriched, annotated text corpora for research in text-
mining.

Background
The published biomedical literature is growing at a tre-
mendous pace [1,2]. Although access has increased con-
siderably with the availability of most published research
in electronic form (typically in the Portable Document
Format, PDF), researchers now face a considerable chal-
lenge in organizing and managing comprehensive and up
to date manuscript collections.

Existing literature management tools
Currently, a wide range of software is offered for searching
and organizing published manuscripts. With approaches
ranging from open-source bibliography managers for the
desktop to professional online abstracting services, sup-
ported feature sets differ substantially (see Table 1).

While Google Scholar and other web search engines pro-
vide a full-text index of public documents online [3], there
is no mechanism supporting personal collections of
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)Table 1: Feature comparison

Management 
of personal 
collections

Full-text 
search

Bibliography-
PDF match 
automated

Personal 
annotations

Shared 
collections

Approximate 
search 
patterns

Search with 
synonyms

Index 
browsing

Ease of I/O 
with external 
tools10

Free use or 
open-source

Requirements

BibGlimpse Yes Yes Yes Yes Yes Yes No No Yes/Yes Yes11 Bash, Perl, 
Apache

Abstracting 
services

PubMed Prt1 No Prt3 No No No Prt Yes No/Yes Yes Web

ISI Web of Prt1 No No No No No No Yes No/Yes No Web

Science 
Search engine

Google 
Scholar

No Yes2 Prt3 No No No No No No/No Yes Web

Reference 
managers

EndNote Yes No No4 Yes No No No Prt No/Yes No Win/Mac

RefBase Yes No No Yes Yes No No Yes9 No/Yes Yes XAMPP12

iPapers Yes Yes No5 Yes No No No No No/Yes Yes Mac

Social 
bookmarking

CiteULike Yes No No6 Prt7 Yes No No Tags No/Prt Yes Web

Connotea Yes No No6 Yes Yes No No Tags No/Prt Yes Web

Digital library

Greenstone Yes Yes No Yes8 Yes8 Yes No Yes Yes/Yes Yes Perl, Apache

Feature comparison between BibGlimpse and other bibliographic software tools. 'Prt' indicates that a feature is partly supported. 1 Searches and selected references can be stored in collections. 2 Covers 
the first 120 kB of open access papers and a non-disclosed list of publishers; all recent articles by Elsevier publications are, e.g., excluded. PubMed is indexed with a lagtime of up to a year. 3 Linking 
bibliography to full text; not the other way around. 4 For a given reference an automated online search for the corresponding full-text can be performed. 5 Requires file named PMID.pdf, where PMID is 
the PubMed ID, to download bibliography from PubMed. 6 Needs link to website, not link to PDF. Retrieval is not generic, but publisher site tailored. 7 Notes are not searchable. 8 Greenstone is a tool 
to build digital libraries, so library needs to be designed first. 9 MySQL database can be queried directly by passing MySQL search strings. 10 Input means that results of external tools can easily be input 
into the system for subsequent integrated analysis and searches. Output means that data in the system can be output to external tools. 11 Code free for non-profit and academic use. 12 Package providing 
PHP, MySQL and Apache for different platforms.
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online documents to be annotated or searched, and many
articles are not even publicly available. Desktop search
tools, in turn, do not facilitate the sharing of documents
and their annotation between collaborators. Dedicated
bibliography management software like RefBase and
WikIndx (see [4]) or the popular commercial tools End-
Note [5] and RefWorks [6] have a different focus: there is
no support for full-text search and, depending on the tool,
complex queries are not supported or data cannot be
shared online. On the other hand, full-featured software
for digital libraries (like Greenstone [7]) is not only diffi-
cult to set up but also impractical for casual use. Long
forms to fill in, which make filing a PDF reprint consider-
ably more tedious than just saving it to disk, reduce
acceptance in day-to-day work.

With these challenges and unmet needs in mind, we here
introduce the concept of a light-weight reprint manager
for the joint creation and exploitation of content enriched
collections of expert annotated full-text reprints. The Bib-
Glimpse implementation provides a simple framework
for distributed literature research especially designed for
this purpose. In particular, besides allowing full-text
searches on manuscript collections, the support for
searchable personal annotations and the ability of sharing
these with colleagues are key features of the system. The
automated creation of bibliographic records for a simple
PDF reprint, moreover, substantially facilitates the uptake
of the system. Such automatic retrieval of bibliographic
records from full text PDF files is a feature that has, to the
best of our knowledge, not yet been implemented else-
where.

Implementation
A defining design requirement for BibGlimpse was that
users can file a new PDF reprint by simply saving or copying
it to disk, or by uploading it online without being
prompted to fill in any forms. The lightweight filesystem-
based approach also means that users can easily import an
entire collection of reprints using just a single command
or 'drag and drop' operation for copying the directories of
their PDF files. Users can of course also manually edit or
add bibliographic records, personal annotation, and sup-
plement files. Medline, BibTeX, and RIS formats are sup-
ported. When a Medline or RIS format record is available
but not a BibTeX record, the system automatically creates
one. Extending standard Webglimpse functionality (cf.
Figure 1), the index is updated in the background to cover
the bibliographic record, any user annotation, and the
extracted full-text of an article.

Automated Medline retrieval
When a new reprint is detected in the indexed file system,
BibGlimpse extracts the plain text from the PDF file and
constructs queries to automatically obtain a matching

bibliographical record from PubMed. Queries are com-
piled with a generic pattern recognition approach, avoid-
ing a need to prepare numerous journal specific templates
for the extraction of bibliographic information from the
PDF [8]. To this end, BibGlimpse first discards unspecific
or irrelevant text sections, i.e. lines that are presumably
not suited for constructing a meaningful PubMed query.
This heuristic filter comprises simple rules, like a line
must at least contain five characters, two words and at
least one word with more than four letters. It also excludes
lines that are likely to contain figure captions ('Fig.'), con-
tact or company addresses ('Inc.'). Moreover, since cita-
tions can easily confound query construction (and are
often found on the first page of articles where articles do
not start on a fresh page), lines matching regular expres-
sions that target such citations are equally removed.

By means of further heuristics, several features are then
extracted from the prefiltered text in order to come up
with query strings for the putative title, authors and
abstract of the reprint in question: While identification of
the putative manuscript title mainly focuses on the posi-
tion in the text (e.g., the title is assumed to be located
within the top lines of the document, it is supposed not to
exceed a certain length and to be separated from the
remainder by blank lines), features relevant for finding
the manuscript's authors strongly rely on punctuation. To
illustrate that, consider the following example line,
obtained after converting a reprint PDF to text:

Xiaolei Yu,1 Milorad Susa,2 Cornelius Knabbe,2 Rolf D.
Schmid,1 and Till T. Bachmann1*

Without knowing that 'Xiaolei' or 'Cornelius' are names,
we can characterize this line by the following features: it
contains 6 delimiters (including punctuation like the
comma and ampersand symbols as well as the word
'and'), 5 author affiliation symbols including 1 corre-
sponding author asterisk, 2 middle name initials (e.g. one
in Rolf D. Schmid), and 10 out of 13 words start with cap-
ital letters (not counting the initials). Based on such
observations, we extract the following 8 characteristic fea-
tures: per-word ratios for delimiters (6/13 in this exam-
ple), footnote symbols (5/13), middle name initials (2/
13), and words starting with capital characters (10/13);
moreover, indicators for the existence of an asterisk (1),
colon characters (0), and whether the whole line is written
in capital letters (0), as well as the distance to the next
putative headline (counted in lines).

To construct a PubMed query string with the putative
authors of a manuscript, these features are first computed
for each line in the PDF and then exploited to identify
'author lines', i.e. lines containing the authors of a manu-
script. For classification, we trained a radial basis function
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kernel support vector machine (SVM) on different repre-
sentative training sets of 20 author and 20 other text lines.
Using only the above 8 features, the finally selected sup-
port vectors achieved a respectable recall of 95% true pos-

itives (TP) with only 8% false positives (FP) as assessed in
an independent test set of over 2000 candidate lines. A
robust typical recall of more than 85% TP with about 10%
FP in an investigation of alternative random training data

BibGlimpse schemeFigure 1
BibGlimpse scheme. The figure schematically illustrates how BibGlimpse incorporates automated Medline retrieval into the 
Webglimpse search environment. Saved PDFs are automatically matched with a Medline record and indexed. For integration 
with external tools, all data are directly available in flatfile format.
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indicated a well chosen feature set. Details regarding the
classifier and the test corpus employed can be found in
the online Supplement.

The good performance achieved in author-line identifica-
tion allows targeted PubMed queries for authors with only
a reasonable number of FP non-author text queries sub-
mitted. At this point, we wish to emphasize that PubMed
hits are not only gathered by querying for the putative
authors, but also from searching for the presumed title,
abstract, and the digital object identifier, if available. The
aim of the described filters is therefore not to extract the
true bibliography directly from the manuscript, but rather
to construct a set of query strings, that allow a retrieval of
this information from PubMed with as few requests as
possible.

Eventually, even obtaining a unique PubMed hit for a
query string is not sufficient to assure that manuscript and
bibliography match. Each retrieved Medline record is thus
additionally cross-checked against the extracted full-text
by reverse queries of title, authors and abstract.

Technically, the retrieval of Medline records from PubMed
was implemented in Perl, such that it can be run from a
single stand-alone script. This makes the feature easily
accessible for other environments.

Results and discussion
Performance
The real-world performance of the complete system for
the automated retrieval of bibliographic records was
assessed on a test set of over 1000 PubMed listed manu-
scripts covering about 200 different journals. BibGlimpse
was able to retrieve the correct PubMed records for 95% of
these manuscripts with only 0.5% spurious hits and the
remaining 4.5% being tagged as not-found. This shows
that the combination of multiple heuristic queries and the
cross-checking process yields an overall robust perform-
ance. There are some cases, however, where retrieval
might not succeed. Consider the following text line
returned from a 'pdftotext' conversion:

Gene Expression Profiles in Formalin-Fixed, ParaffinEm-
bedded Tissues Obtained with a Novel Assay for Microar-
ray Analysis, Marina Bibikova,1 Joanne M. Yeakley,1
Eugene Chudin,1 Jing Chen,1 Eliza Wickham,1 Jessica
WangRodriguez,2 and Jian-Bin g Fan1* (1 Illumina, Inc.,
San Diego, CA)

In this example, no newline character separates the title of
the manuscript from the authors and their addresses.
Moreover, the corresponding Medline entry (PMID
15563488) lists 'paraffin-embedded tissues' in the title,
instead of the poorly converted 'ParaffinEmbedded' in the

text version of the PDF. The cross-checking step may in
such cases find no match. Also, single PDF files containing
multiple short comments or letters to the editor may be
assigned to the bibliography for the first comment or let-
ter. Finally, the system may not be able to distinguish pre-
prints from actually published manuscripts if they have
the same title, authors, and abstract. In summary, how-
ever, these limitations only apply to a very small fraction
of reprints files.

Application
Freeing researchers from a need to look up or enter bibli-
ographical records and giving them an opportunity of
annotating their reprints together with full-text query
capabilities not only raises acceptance of the system in
day-to-day usage but has profound practical implications
for knowledge discovery, sharing, and retrieval. We illus-
trate this with a few examples (Figure 2). Important infor-
mation, such as the cell line types employed, is often not
contained in the abstract but can be queried by full-text
search (e.g., a query for cell line HCT116, Figure 2). Other
information may even only be implicit in the full manu-
script text but can be captured explicitly by user annota-
tion (e.g., user annotation as 'p53 wildtype').

The challenge of searching natural language text, of
course, remains. Depending on the application domain, it
may be valuable to consider extending the free-form
annotation of articles by keywords from ontologies with
controlled vocabularies or controlled subsets of natural
language [9]. External tools can easily be integrated to
either automatically generate these, or at least assist the
user in a manual curation process [10]. This is much facil-
itated by having all internally stored information availa-
ble as plain text files on disk. Through structured query
support such additional fields can be queried directly.
Having straightforward means for the integration of text-
mining tools thus allows future developments to further
assist users in extracting searchable knowledge from their
annotated reprint collections.

The availability of installation support and minimal soft-
ware prerequisites make BibGlimpse accessible for small
groups of collaborating researchers. Building on Web-
glimpse [11], our system inherits a search engine that has
been actively maintained and supported for over ten
years, is easy to install and maintain using an administra-
tive web interface, and only needs Perl, a running web
server and a utility to extract plain text from PDF files, e.g.,
from 'xpdf' [12].

Implications for text-mining
Application of BibGlimpse can make expert annotated lit-
erature collections available to text-mining. On the one
hand, richly annotated text corpora are valued for training
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and testing algorithms [13-15]. On the other hand, text-
mining applications benefit even from coarse auxiliary
information [16-18]. Yet, the ability to devote scarce
resources to annotating literature is often the limiting fac-
tor constraining especially machine learning approaches
[19,20].

Also it is recognized that full manuscript texts provide
more information than abstracts [21-24] and that infor-
mation retrieval is more successful in domain specific col-
lections [18]. Obtaining access to a comprehensive range
of full-text articles, however, can be troublesome due to
copyright issues, and the identification of relevant jour-
nals can be quite difficult in an interdisciplinary field [25].
Specialist researchers are actually best placed for compil-
ing representative domain specific collections of content
enriched full-text articles.

Facilitating the creation process of such annotated collec-
tions could hence significantly advance biomedical text-
mining. So far, most researchers collect, freely [26] or by
subscription, manuscripts of interest to their research area
from multiple journals, typically by storing the PDF
reprint on their computers. They maintain their personal
collections of reprints, notes, and bibliographic records
using a variety of tools, ranging from simple text editors or
spreadsheets to commercial bibliography management
software. But while extensively covering a particular area
of interest, representing valuable resources of domain
knowledge, such personal repositories are currently hard
to search or exploit.

BibGlimpse offers researchers a tool enhancing their own
routine literature management and supports the creation
of shared domain-specific collections of annotated full-
text manuscripts. This benefits both biological researchers
as well as the text-mining community.

Conclusion
Considering the benefits of the system's automation and
query capabilities in supporting shared literature research,
together with its straightforward interfacability with liter-
ature classification and text-mining tools, we have reason
to expect that BibGlimpse will be widely adopted. We are
confident that the concept of a light-weight reprint man-
ager demonstrated in BibGlimpse will transform how
research groups collect, manage, and share knowledge
from literature research.

Availability and requirements
Project name: BibGlimpse

Project home page: http://bioinf.boku.ac.at/bibglimpse

Operating system(s): UNIX

Programming language: Perl, Bash

Other requirements: Apache 2.2.6 or higher, Perl 5.8.6 or
higher, pdftotext (e.g., from xpdf 3.01 or higher)

License: http://webglimpse.net/sublicensing/licens
ing.html

BibGlimpse impressionsFigure 2
BibGlimpse impressions. The upper left panel shows results of a full-text query for 'HCT116'. A corresponding repository 
record is depicted on the right, where a domain expert captured relevant information in free-form annotation. Note that the 
short URLs can easily be sent to collaborating researchers. The lower-left panel demonstrates a structured query, searching 
only the bibliographic records for 'Brown', which avoids picking up this frequent term in the full-text, e.g., from the citations 
section.
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Abstract
Background: Pichia pastoris is widely used as a production platform for heterologous proteins and
model organism for organelle proliferation. Without a published genome sequence available, strain
and process development relied mainly on analogies to other, well studied yeasts like Saccharomyces
cerevisiae.

Results: To investigate specific features of growth and protein secretion, we have sequenced the
9.4 Mb genome of the type strain DSMZ 70382 and analyzed the secretome and the sugar
transporters. The computationally predicted secretome consists of 88 ORFs. When grown on
glucose, only 20 proteins were actually secreted at detectable levels. These data highlight one major
feature of P. pastoris, namely the low contamination of heterologous proteins with host cell protein,
when applying glucose based expression systems. Putative sugar transporters were identified and
compared to those of related yeast species. The genome comprises 2 homologs to S. cerevisiae low
affinity transporters and 2 to high affinity transporters of other Crabtree negative yeasts. Contrary
to other yeasts, P. pastoris possesses 4 H+/glycerol transporters.

Conclusion: This work highlights significant advantages of using the P. pastoris system with glucose
based expression and fermentation strategies. As only few proteins and no proteases are actually
secreted on glucose, it becomes evident that cell lysis is the relevant cause of proteolytic
degradation of secreted proteins. The endowment with hexose transporters, dominantly of the
high affinity type, limits glucose uptake rates and thus overflow metabolism as observed in S.
cerevisiae. The presence of 4 genes for glycerol transporters explains the high specific growth rates
on this substrate and underlines the suitability of a glycerol/glucose based fermentation strategy.
Furthermore, we present an open access web based genome browser http://
www.pichiagenome.org.
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Background
Yeasts have attracted renewed interest in the last few dec-
ades as production hosts for biopharmaceutical proteins
as well as for bulk chemicals. The methylotrophic yeast
Pichia pastoris (Guillermond) Phaff (1956) is well reputed
for efficient secretion of heterologous proteins [1], and
has come into focus for metabolic engineering applica-
tions recently. Especially reengineering of the N-glycosyla-
tion pathway has enabled the production of heterologous
proteins with human-like N-glycan structures [2-4]. While
protein production is the major application of P. pastoris,
production of metabolites has come into research focus
recently too [5,6]. Apart from these biotechnological
applications, it is widely used as a model for peroxisome
[7] and secretory organelle research [8]. P. pastoris has
recently been reclassified into a new genus, Komagataella
[9], and split into three species, K. pastoris, K. phaffii, and
K. pseudopastoris [10]. Strains used for biotechnological
applications belong to two proposed species, K. pastoris
and K. phaffii. The strains GS115 and X-33 are K. phaffii,
while the SMD series of protease deficient strains (most
popular SMD1168) is classified into the type species, K.
pastoris. Apart from these strains which have been made
available by Invitrogen, research labs and industry use dif-
ferent other strains belonging to either of these two spe-
cies, and no trend towards a superior expression level of
one of the two species has been observed. In order to pro-
vide a common information basis across the different
strains, we have performed this work with the type strain
(DSMZ 70382) of the type species K. pastoris, which is the
reference strain for all the available P. pastoris strains. In
coherence with the published literature, we name all
strains P. pastoris, which thus stands for the entire genus
Komagataella. As other strains, DSMZ 70382 was isolated
from tree exudate, in this case from the chestnut tree.

The majority of P. pastoris processes described so far utilize
methanol as substrate and inducer for heterologous pro-
tein production. While tight gene regulation and high
product titers can be achieved with this strategy, the disad-
vantages as large scale use of a flammable substrate, high
heat production and oxygen consumption, and signifi-
cant cell lysis have been reported. Apart from technologi-
cal challenges in large scale fermentation, this leads to
significant contamination of culture supernatants with
intracellular proteins including proteases [11]. P. pastoris
has been described to secrete some heterologous proteins
like human serum albumin [12] or as recently reported
glycoengineered antibodies [13] in the g L-1 range, while
naturally secreted proteins account only for low amounts
[14], which supports the easy production of highly pure
proteins. However, several secreted P. pastoris proteins are
observed as contaminants in culture supernatants, requir-
ing elaborate product purification and analytical effort. A
detailed characterization of the secretome would signifi-

cantly improve production and quality control of biop-
harmaceuticals produced with this expression system. The
secretomes of few yeasts and filamentous fungi have been
analyzed experimentally. Computational analyses of yeast
genomes predicted approximately 200 potentially
secreted proteins [15,16]. Secretomes of filamentous
fungi contain numerous enzymes for degradation of
starch, cellulose, lignin and similar plant polymers [17-
19]. However, these predictions suffer from some limita-
tions. As certain targeting sequences are not recognized,
the predictions may contain proteins which are retained
in cellular organelles. Most cell wall associated proteins
can be predicted, but due to the fluctuating nature of the
cell wall during growth and budding a fraction of these
may be released from the cell wall structure and add to the
secretome. Finally the actual composition of the secre-
tome will depend on growth conditions and the actual
expression of the genes encoding potentially secreted pro-
teins. Therefore the extracellular proteome of P. pastoris
was analyzed here and compared to the predicted secre-
tome.

Substrate uptake kinetics determine growth kinetics and
the characteristics of biotechnological processes. P. pas-
toris is described as a Crabtree-negative yeast, featuring
respiratory metabolism under glucose surplus [20]. A
major reason for the easy growth to high biomass concen-
trations is assumed in the endowment with hexose trans-
porters and their features. We report here the
determination and analysis of the P. pastoris draft genome
sequence and its application in correlating in silico and
mass spectrometric analysis of the extracellular proteome.
Furthermore, a comparative analysis of hexose transport-
ers allows drawing conclusions towards glucose uptake
kinetics, a major determinant of growth and bioprocess
characteristics in relation to substrate supply. Addition-
ally, a web based database with search functions and
annotation data for analysis of the genome sequence is
reported.

Results
Sequencing
The genome of P. pastoris was sequenced using two next
generation sequencing methods. First a Roche GS-FLX run
was used to take advantage of the longer reads (400 nts)
of this method, which was then complemented by a
paired end run with the short read method of Illumina
Genome Analyzer (36 nts) to improve the quality of the
sequence. The combined result of both methods was a
draft genome of 326 assembled contigs of which 93 were
larger than 10 kb and 60 between 1 and 10 kb. The longest
contig comprised 419,475 nts and the shortest 128 nts.
125 of the 326 contigs could be aggregated into 38 super-
contigs. Overall 9,405,451 bases were sequenced with a
coverage of 22× with Roche GS-FLX and 60× with Illu-
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mina GA. Key statistical data of the draft genome are pre-
sented in table 1.

Gene prediction
We initially predicted 7,935 open reading frames using
two different gene finders. Manual curation reduced this
number to 5,450 ORFs. The eukaryotic gene finder Augus-
tus has been pre-trained on a number of datasets includ-
ing various yeast species. Of these, Candida guilliermondii,
Debariomyces hansenii and Pichia stipitis were selected for
their relatively close relation to P. pastoris (based on
sequence similarity), and Saccharomyces cerevisiae as a ref-
erence yeast species with the best sequence annotation. In
addition the prokaryotic gene finder Glimmer3 was
applied since many eukaryotic gene finders overpredict
intron containing genes. As yeast genomes are generally
compact a large amount of intron containing genes was
not expected. All putative ORFs < 100 nts or comprising a
starting codon other than ATG were excluded from the set
except for genes on contig borders. 194 of the predicted
genes are truncated because they crossed contig borders.
Ribosomal RNAs were annotated by homology to S. cere-
visiae rRNAs. Contrary to S. cerevisiae, the 5S rRNA is not
part of the cluster containing 18S, 26S and 5.8S rRNA but
spread across the genome. 149 transfer RNAs were identi-
fied using tRNA Scan, which is lower than the average
number of tRNAs identified in other yeasts (216 on aver-
age).

Functional Annotation
Functional annotation was performed computationally
with a reciprocal best hit (RBH) strategy, using BLAST [21]
searches against a selected dataset of the subphylum Sac-
charomycotina to which P. pastoris also belongs, and the
Uniprot database. All P. pastoris genes and proteins that
were publicly available at the NCBI (National Center for
Biotechnology Information) were manually compared
against our predictions. The native genes and proteins
were present in our set. The average identity between these
genes deposited in NCBI and their homologs in the
present genome sequence was 95%. For all proteins that
were predicted to be secreted and all others that are dis-
cussed here the functional annotation was manually
curated. The distribution in GO functional terms of all
functionally annotated ORFs was compared to S. cerevisiae
(figure 1). The distribution is rather similar with differ-
ences observed mainly in the groups organelle organiza-
tion, protein modification, lipid, amino acid and cofactor
metabolism.

Secretome
To validate the secretome prediction pipeline (see Materi-
als and Methods) used for P. pastoris, it was applied to the
S. cerevisiae proteome beforehand. The majority of pro-
teins which were described to be extracellular in the Sac-
charomyces genome database SGD [22] were found in the
secreted dataset, for the rest a GPI-anchor signal was pre-
dicted. Due to the good performance of the prediction
pipeline with S. cerevisiae and the successful application of
similar methods for K. lactis [15] and C. albicans [16]
respectively, a high accuracy for the secretome predictions
was expected for P. pastoris as well. The predicted secre-
tome of P. pastoris comprises 88 putative proteins of
which 55 could be functionally annotated. Additionally,
172 ORFs were predicted to encode proteins entering the
general secretion pathway but being localized in different
cellular compartments (for the complete list see addi-
tional file 1). Obviously the secretome prediction cannot
easily discriminate between ER/Golgi localized and
secreted proteins, as the chaperone Kar2 and protein
disulfide isomerise (Pdi1) appear among the predictions.
Therefore the experimental determination of the extracel-
lular proteins is essential for an assessment.

To identify the extracellular secretome of P. pastoris, the
strain DSMZ 70382 was grown in chemostat culture on
glucose as limiting carbon source, reaching 26.4 ± 0.1 g L-

1 dry biomass (YDM). The supernatants contained 407 mg
L-1 total protein. Analysis by SDS-PAGE indicated that
approximately 15 distinct protein bands, ranging from 12
kDa to 170 kDa, were present in the culture supernatant
(figure 2a). On 2D gels, 28 protein spots were visible at
higher abundance, at least 7 thereof being obviously iso-
forms of other protein spots with identical MW but differ-

Table 1: Genome statistics overview

Sequencing Data:
Total DNA bases after Roche GS FLX 9,408,251
Average coverage Roche GS FLX 22
Total DNA bases after Illumina GA 9,405,451
Average coverage Illumina GA 60
Number of reads Roche FLX 562,515
Number of reads Illumina GA 15,761,520
Number of contigs 326
Contigs > 1 kbp 153
Largest contig 419,475
Smallest contig 128
Average contig size 28,906
GC content 41.34%

Gene Prediction Data:
Predicted ORFs 7,935
Manually curated number of ORFs 5,450
Thereof ORFs with introns 741
Truncated ORFs 194
ORFs with annotation 4,257
GC content coding regions 41.90%

RNA Prediction Data:
tRNA genes 149
5S rRNA 14
rRNA cluster (18S, 26S, 5.8S rRNA) 1
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Categorization of the P. pastoris annotated genome compared to S. cerevisiaeFigure 1
Categorization of the P. pastoris annotated genome compared to S. cerevisiae. The GO functional groups are dis-
played based on their relative representation with annotated ORFs.

Secretome of P. pastorisFigure 2
Secretome of P. pastoris. (a) SDS-polyacrylamide gel. Left lane: molecular weight marker, right lane: supernatant of P. pas-
toris chemostat culture. Boxes indicate the gel slices used for LC-MS protein identification. Bands corresponding to glycopro-
teins are marked with an asterisk. (b) 2D electrophoresis gel of P. pastoris culture supernatants. Proteins identified by LC-MS 
are indicated.
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Table 2: Secreted proteins of P. pastoris

PIPA ID Predicted function theoretical pI/MW [kDa] Predicted N-glycosylation 
sites

Predicted localization

PIPA00211 Covalently-bound cell wall protein of 
unknown function

5.01/45.73 1 secreted

PIPA00246 hypothetical fungal hexokinase 5.98/24.92 1 no SP

PIPA00436 Cell wall protein related to 
glucanases

4.83/36.07 0 secreted

PIPA00545 Cell wall protein related to 
glucanases

4.33/45.02 2 secreted

PIPA00748 O-glycosylated protein required for 
cell wall stability

4.22/31.86 1 secreted

PIPA00934 SCP-domain family protein, unknown 
function, extracellular

5.55/31.72 0 secreted

PIPA00956 60S ribosomal protein L18A 9.92/21.82 1 no SP

PIPA01008 GAS1; Beta-1,3-glucanosyltransferase 3.98/57.20 4 secreted

PIPA01010 GAS1; Beta-1,3-glucanosyltransferase 3.99/58.37 5 secreted

PIPA01223 potential cell wall glucanase 4.34/49.39 0 secreted

PIPA01958 Endo-beta-1,3-glucanase 4.03/33.76 1 secreted

PIPA02332 no similarity found 6.01/23.64 2 no SP

PIPA02510 Glyceraldehyde-3-phosphate 
dehydrogenase

6.24/35.74 1 no clear SP

PIPA02524 glucan 1,3-beta-glucosidase similar to 
S. cerevisiae EXG1 (YLR300W)

4.51/46.22 1 secreted

PIPA02544 aldehyde dehydrogenase, Adh2p [S. 
cerevisiae]

6.00/36.86 0 no SP

PIPA03955 endo-1,3-beta-glucanase [P. stipitis 
CBS 6054], Dse4p [S. cerevisiae]

4.70/109.45 5 secreted

PIPA04722 Cell wall protein with similarity to 
glucanases

5.18/32.95 0 secreted

PIPA05357 no similarity found 4.25/66.46 1 no SP, 2 TM

PIPA05673 YLR286Cp-like protein [S. cerevisiae], 
endochitinase

4.05/71.87 1 no clear SP

PIPA05771 Chitin deacetylase, Cda2p [S. 
cerevisiae]

5.25/34.66 2 secreted, lower probability

List of identified secreted proteins, with theoretical pI and theoretical MW, and information on the predicted localization (SP = signal peptide, TM 
= transmembrane domain).
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ent pI (figure 2b). Almost all highly abundant proteins
ran at low pI values between 3 and 5.5. As the cellular via-
bility was 99% throughout the cultivation, and total DNA
content of the supernatants was 1.12 ± 0.03 μg mL-1, a
maximum of 1% lysed cells was estimated, accounting for
maximally 10% of total protein in the supernatant. There-
fore, the potential contamination by intracellular protein
was assumed to be minor. A 1D SDS PAGE gel was cut
into 21 slices and analyzed by LC-ESI-MS/MS. Detailed
data on protein identification are found in additional file
2. Twenty different proteins were identified (table 2), 12
of which appeared in more than one gel slice (additional
file 2). Nine proteins ran at higher molecular weight than
predicted from the sequence. Eight out of these proteins
contained potential N-glycosylation sites (table 2 and
additional file 2) and corresponded to detected glycopro-
teins (figure 2a). Apparently 6 of these proteins were sub-
ject to proteolysis. However, the proteolytic activity in the
supernatants was very low (equivalent to 11 ± 0.9 ng mL-

1 trypsin), and in contrast to other yeast secretomes, no
protein with putative proteolytic activity was identified.
Fourteen of the proteins identified by homology are obvi-
ously secreted or cell wall bound, 6 of them with homol-
ogy to glucanases. The other proteins with extracellular
localization comprise 7 cell wall modifying enzymes and
1 secreted protein of unknown function. Four proteins are
homologous to intracellular proteins (including glyceral-
dehyde phosphate dehydrogenase which has been
described to be also located at the cell wall in S. cerevisiae
[23], and for 2 no similarity was found. The putative intra-
cellular proteins mainly comprise glycolytic enzymes and
ribosomal proteins which are highly abundant on glucose
[24]. A comparison of predicted to identified secretome
reveals a good correlation of prediction, putative function,
and experimentally determined localization (table 2). All
proteins homologous to intracellular proteins were pre-
dicted to be intracellular, and only for 2 of the 14 puta-
tively secreted proteins the prediction was unclear or
slightly below threshold.

Hexose transporters
Fourteen putative sugar transporters all belonging to the
major facilitator superfamily (MFS) were identified by
sequence similarity. All P. pastoris sugar transporters fea-
ture the classical 12 transmembrane domains, and con-
tain the PESP motif and at least one of the two sugar
transporter signature sequences. Contrary to S. cerevisiae,
which comprises 20 isogenes for low and high affinity
hexose transport, only two putative transporters with
sequence similarity to S. cerevisiae transporters are present
in the P. pastoris genome. While PIPA00236 possesses
more than 60% identity to S. cerevisiae HXT-family pro-
teins, and the low-affinity transporters of Kluyveromyces
lactis Rag1 [25] and Hansenula polymorpha Hxt1 [26] on
the amino acid level, PIPA08653 shows only low similar-

ity (max. 37% identity/58% positives) to these proteins as
well as to other P. pastoris sugar transporters. Although all
5 conserved amino acids that have been postulated to be
required for high affinity transporters in S. cerevisiae Hxt2
[27] are present also in the respective translated protein
sequence of P. pastoris gene PIPA00236, disruption of the
gene led to impaired growth on high concentrations of
glucose (2%). Disruption of PIPA08653 did not show a
distinct growth phenotype. This indicates that PIPA00236
encodes the major low affinity glucose transporter in P.
pastoris.

For high affinity transport, two P. pastoris proteins
(PIPA02561 and PIPA00372) with high sequence similar-
ity (>65% identity) to K. lactis high affinity glucose trans-
porter Hgt1 were identified (see figure 3). The potential
transporter-like hexose sensor is encoded by PIPA01691,
and lacks the C-terminal "glucose sensor domain" as do
the respective orthologous sensors in H. polymorpha
(Hxt1) and Candida albicans [26]. Additionally a gene with
similarity to quinate permease of P. stipitis and filamen-
tous fungi was identified, which has putative orthologs in
many other yeast species, but is missing in S. cerevisiae.
According to Barnett et al. [28] P. pastoris cannot utilize
quinate as a carbon source, although some of the genes
required for the utilization of quinate are part of the shiki-
mate pathway leading to the production of aromatic
amino acids, and are present as part of the pentafunc-
tional AROM protein. However, regulatory proteins of the
quinate pathway are missing in the genome of P. pastoris.
Interestingly, P. pastoris possesses four transporters that
are highly similar to putative glycerol transporters from K.
lactis (KLLA0A03223g) and Yarrowia lipolytica
(YALI0F06776g), and weakly similar to the S. cerevisiae
glycerol transporter Slt1. Sequence similarities of the pro-
teins discussed above to their respective orthologs in S.
cerevisiae, P. stipitis, H. polymorpha, K. lactis, and Emericella
nidulans are illustrated in figure 3.

Database, genome browser
To make the genomic data accessible it was loaded into a
relational database. For visualization a genome browser
was installed on a web server and connected to the data-
base.

The genome browser of P. pastoris is publicly available at
http://www.pichiagenome.org [29].

The draft genome sequence data are deposited at EMBL-
EBI, accession number CABH01000001 –
CABH01000326.

Discussion
The predicted size of the haploid genome of P. pastoris
[30] was confirmed here to comprise 9.4 Mb, which is
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Branch length dendrogram of sugar transporters and related proteins of different yeastsFigure 3
Branch length dendrogram of sugar transporters and related proteins of different yeasts. Putative hexose trans-
porters and sensors and related proteins were aligned with ClustalW, and clusters of functional categories are highlighted. 
High affinity = high affinity glucose transporters; glycerol transporters = H+/glycerol symporter; HXT = low affinity S. cerevisiae 
hexose transporter family; sensors = transporter-like glucose sensors; quinate permease = homologs to fungal quinate per-
meases. ORF IDs relate to: PIPA = P. pastoris; Ynnnnnn = S. cerevisiae; KLULA = K. lactis; PICST = P. stipitis; Hp = H. polymorpha; 
EMENI = Emericella nidulans. ORFs not highlighted are homologous to other substrate transporters with sequence similarity to 
hexose transporters.
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smaller than the genomes of other yeasts, spanning from
10–20 Mb [31]. Nevertheless the number of functionally
annotated genes is comparable to other yeasts, which can
be attributed to the fact that P. pastoris contains fewer
genome redundancies compared e.g. to S. cerevisiae and D.
hansenii, which have undergone genome duplications fol-
lowed by partial genome losses during evolution [32].
While P. pastoris contains specific subclasses of genes for
methanol metabolism and peroxisome synthesis, struc-
ture and degradation which are present only in methylo-
trophic yeasts, most metabolic enzymes are present only
in single copies, and the number of secreted proteins is
low. To verify the quality of gene prediction, all 173 P. pas-
toris genes and 245 proteins currently deposited in NCBI
were BLAST searched among the predicted gene list. All of
the P. pastoris specific genes were present, indicating a
high quality of gene prediction.

The secretomes of K. lactis and C. albicans have been pre-
dicted computationally [15,16], yielding 178 ORFs of K.
lactis and 283 of C. albicans. The C. albicans secretome
apparently is more complex and contains numerous
lipases, proteases and agglutinin-like proteins, while both
for K. lactis and P. pastoris only few enzymes apart from
glucanases and chitin modifying enzymes appear. As P.
pastoris utilizes only few carbon sources [28] it appears
obvious that neither proteolytic, lipolytic or saccharolytic
activities are secreted for substrate utilization. Yeast gluca-
nases and chitinases are required for cell wall plasticity
during cell growth and division [33]. While these enzymes
are commonly regarded to be cell wall associated, it is
plausible that they reach the culture supernatant during
cell wall remodelling, indicating that a distinct border
cannot be drawn between cell wall and the exterior space.

Fourteen of the 20 proteins identified in the culture super-
natant of P. pastoris were homologous to proteins impli-
cated in cell wall or extracellular functions. No other
secretory enzyme homologs were identified, further indi-
cating that cell wall associated proteins are the essential
constitutents of the secretome of glucose grown P. pastoris.
The computationally predicted secretome contains all
secreted proteins plus mainly soluble cellular proteins
containing a signal peptide but no transmembrane
domains. Thus these predictions obviously overestimate
secretory proteomes (figure 4). The culture supernatant of
K. lactis contained significantly more (82) proteins [15] of
which 34 were predicted to be secreted or cell wall bound,
and the rest were assumed to be localized either to the ER
or the cytosol. The latter group of proteins indicates a sig-
nificant release of intracellular proteins in this study,
probably by cell lysis due to the culture conditions.

The low concentration, together with the small number of
actually secreted proteins from P. pastoris highlights a

major advantage of this protein production system, as
secreted products are much less contaminated with host
cell protein. Jahic et al. [34] have shown that host cell pro-
tein released from P. pastoris grown on methanol mainly
derives from cell lysis, which occurs to a much lower
extent upon growth on glucose. Combined with the fact
that strong promoters for use on glucose are available
[34,35], these data provide convincing arguments for a
reconsideration of methanol based protein production
with P. pastoris. The toxicity of methanol and several of its
metabolites is the main reason for cell lysis and conse-
quently also protease leakage to the culture supernatant.
Additionally other host cell proteins are released, leading
to significant contamination of protein products. A com-
mon approach to reduce product proteolysis is the knock
out of protease genes. However, multiple protease knock-
out strains tend to be growth retarded, so that it appears
reasonable to employ a production strategy based on glu-
cose media which avoids the detrimental effects of meth-
anol at all. Detailed knowledge of the secreted host cell
proteins, as presented here, can have a strong positive
effect on product purification and quality control, as spe-
cific assays can be developed. Additionally a knock out of
major secreted proteins can reduce the host cell protein
load significantly [36].

Substrate uptake kinetics determines growth kinetics and
the characteristics of biotechnological processes. The fer-
mentative (Crabtree-positive) yeast S. cerevisiae consumes
glucose at high rates when supplied with high concentra-
tions. This exceptionally high glucose uptake rate is attrib-
uted to high abundance of hexose transporters, encoded
by more than 10 isogenes [37]. Respiratory (Crabtree-neg-
ative) yeasts limit glucose uptake, as they contain few hex-
ose transporter genes, encoding energy dependent
symporters with high affinity to glucose [38]. The endow-
ment of P. pastoris with hexose transporters is in good
accordance to other respiratory yeasts such as K. lactis, H.
polymorpha and P. stipitis, all having a reduced number of
hexose transporters in comparison to S. cerevisiae. Moreo-
ver, Crabtree-negative yeasts usually exhibit Km values in
the micromolar range for glucose [37], due to their very
high-affinity transporters such as K. lactis Hgt1, which is
an ortholog of P. pastoris PIPA02561 and PIPA00372.
While Km values for P. pastoris specific transporters remain
to be determined in future, conclusions to glucose uptake
behavior can be drawn. Accordingly, specific glucose
uptake rate is limited to qSmax = 0.35 g g-1 YDM h-1 (at
growth rates near μmax = 0.193 h-1) in P. pastoris chemostat
cultivations [39], in comparison to qSmax = 2.88 g g-1 YDM
h-1 in fully aerobic S. cerevisiae [40]. The limited glucose
uptake prevents Crabtree-negative yeasts such as P. pastoris
from extensive overflow metabolism, which leads to the
aerobic formation of ethanol and a reduced biomass yield
at high external glucose concentrations in S. cerevisiae.
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Categorization of P. pastoris secretomeFigure 4
Categorization of P. pastoris secretome. (a) predicted and (b) detected secretome based on GO terms. Proteins without 
S. cerevisiae homologs are classified as "unknown".
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This difference is also reflected in the very high biomass
concentrations (more than 100 g l-1) that can be achieved
in P. pastoris cultivations. For heterologous protein pro-
duction, aerobic ethanol formation is a substantial prob-
lem, because it lowers the yield of the desired product due
to a lower biomass concentration.

Interestingly, P. pastoris contains four genes encoding
putative H+/glycerol symporters, contrary to all other
sequenced yeasts up-to-date. Consequently, the maxi-
mum glycerol uptake rate of P. pastoris is qGlycerol_max =
0.37 g g-1 YDM h-1. This is substantially higher than the
uptake rates reported for S. cerevisiae (qGlycerol_max = 0.046
g g-1 YDM h-1) and many other yeast species [41]. The abil-
ity to grow on glycerol as a single carbon and energy
source – a mode of cultivation widely applied for genera-
tion of biomass with P. pastoris prior to methanol induc-
tion or glucose fed batch – is dependent on the activity of
a constitutive salt-independent active glycerol transport
by the H+/glycerol symport and has also been reported for
Pichia sorbitophila and Pichia jadinii [41]. Specific growth
rates of these yeasts on glycerol are similar to the specific
growth rates that can be obtained on glucose (e.g. for P.
pastoris on mineral media μGlycerol_max = 0.26 h-1,
μGlucose_max = 0.19 h-1), whereas yeasts lacking the activity
of such a type of carrier have significantly reduced growth
rates on glycerol. The high specific glycerol uptake rate,
enabled by the exceptional endowment with specific
transporters emphasizes the suitability of glycerol as a
substrate for biomass growth.

Conclusion
The availability of genome data has become an essential
tool for cell and metabolic engineering of biotechnologi-
cal production organisms. This work highlights major
advantages of P. pastoris as a protein production platform
and the benefits of glycerol/glucose based production
technology. Apart from lower heat production and oxygen
demand compared to methanol based processes, glucose
grown cultures display higher viability and essentially no
protease release to the culture supernatant. Furthermore
detailed insights into the sugar transport will enable
rational modulation of substrate fluxes, especially for effi-
cient metabolite production.

Material and methods
Strain
The P. pastoris type strain (DSMZ 70382 = CBS704) was
selected as the source of genomic DNA, and used for all
experimental work. Genomic DNA was prepared as
described in Hohenblum et al. using the Qiagen Genomic
G-20 kit [42].

Sequencing
Genomic DNA was sequenced by GATC Biotech AG, Kon-
stanz (Germany) with a Roche GS FLX-Titanium Series
complemented by an Illumina Genome Analyzer paired
end run. The reads were assembled with SeqMan NGen by
DNASTAR. To verify the sequencing quality all P. pastoris
gene and protein sequences available at NCBI were down-
loaded and the sequences were compared using BLAST
searches.

Gene prediction and annotation
Gene prediction was performed with the eukaryotic gene
finder Augustus [43] using the option for overlapping
genes as well as the prokaryotic gene finder Glimmer3
[44]. Predicted open reading frames were kept if they were
longer than 100 nucleotides and started with ATG, except
for genes predicted on contig boarders. The ORF sets were
merged and made non redundant using the clustering
program cd-hit-est [45] with a similarity cut-off of 95%.

Annotation was done by a reciprocal protein BLAST
against a dataset consisting of the publicly available Sac-
charomycotina species and the UNIPROT protein database
with an E-value threshold of 10-10. All P. pastoris proteins
and genes available at NCBI, all proteins that were pre-
dicted to be secreted and all sugar transporters were man-
ually curated. Gene Ontology annotation was done for all
proteins with a homolog in S. cerevisiae.

Ribosomal RNA annotation was done through homology
with S. cerevisiae using nucleotide BLAST against the P.
pastoris contigs, and the results were manually analyzed.
tRNAs were localized using the program tRNAscan-SE
[46]. Gene predictions were manually curated using
BLASTx.

In silico secretome prediction
A similar method was used as described to predict the
secretomes of K. lactis [15] and C. albicans [16], respec-
tively. The prediction pipeline included SignalP 3.0
[47,48] to identify the N-terminal signal peptide, Phobius
[49] to predict the transmembrane topology, GPI-SOM
[50] and the fungal version of big-PI [51] for GPI anchor
prediction, TargetP [52] to exclude all proteins with pre-
dicted mitochondrial localization. Additionally WoLF
PSORT [53] was used for general localization prediction.

Proteins were considered to be secreted when an N-termi-
nal signal peptide existed but neither a transmembrane
domain (except one within the first 40 residues), nor a
GPI-anchor, nor any localization signal to other
organelles were identified.
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The prediction pipeline was tested on an S. cerevisiae data-
set of 5,884 proteins which was downloaded from the
Saccharomyces Genome Database SGD [22].

Experimental secretome analysis
P. pastoris DSMZ 70382 was grown in fully aerobic chem-
ostat cultures on minimal medium with glucose as carbon
source until steady state (biomass yield and RQ constant
for at least 2 residence times). Detailed data on media
compositions, fermentation data and the analysis of cul-
ture supernatant can be found in additional file 3. Culture
supernatants were concentrated by acetone precipitation
and subjected to 1D SDS-PAGE on a 12% PAA gel and 2D-
DIGE, respectively. For 2D-DIGE supernatant protein was
Cy5 labelled and separated on a IPGDryStrip (3-11NL) in
the first dimension, followed by SDS-PAGE on a 12% PAA
gel as described in Dragosits et al. [24]. 1D gel lanes were
cut into 21 slices, and protein spots from CBB stained 2D
gels were picked. After tryptic digest, samples were ana-
lyzed by reversed-phase chromatography (UltiMate 3000
Capillary LC-system, Dionex) coupled with ESI MS/MS
analysis (Q-TOF Ultima Global, Waters). The obtained
mass spectra were subsequently analysed using X!Tandem
2008.12.01 [54]. The identified proteins had to meet the
following criteria: protein score e-value ≤ 10-5 with at least
2 peptides per protein. Glycoproteins were detected by
SDS-PAGE and blotting of proteins onto a nitrocellulose
membrane followed by detection via Concanavalin A and
Horseradish peroxidase. Putative N-glycosylation sites
were identified with NetNGlyc 1.0 server [55].

Analysis of hexose transporters
P. pastoris ORFs encoding putative sugar transporters were
identified by sequence similarity using BLAST. Multiple
sequence alignment of the respective protein sequences to
previously identified hexose transporters and sensors
from other yeasts was performed by ClustalW [56] using
BLOSUM weight matrix, and a dendrogram with branch
length was generated. Additionally an integrated search in
PROSITE [57], Pfam, PRINTS and other family and
domain databases was performed with InterProScan [58]
for all these protein sequences.

Disruption cassettes for PIPA00236 and PIPA08653 were
generated by PCR (primers: PIPA08653FW: ATGGCAGG-
TATTAAAGTTGGATC; PIPA08653BW: TACTGCCATCT-
GCTTCTTTC; PIPA00236FW:
GCAGGAGAATAGTCCAGTTTAC; PIPA00236BW:
TTCATAGCCTCGTCGACTCTG). 200–300 bp each up-
and downstream of the start codon were exchanged for
the Zeocin resistance cassette. These cassettes were intro-
duced into the genome of P. pastoris DSMZ 70382 by elec-
troporation, and clones were selected on YP plates
containing 1% yeast extract, 2% peptone, 2% agar-agar,
2% glycerol and 25 μg mL-1 Zeocin. Positively growing

clones were then analyzed for their growth behavior on YP
plates containing either 2% glycerol, 2% glucose or 0.01%
glucose for 48 h at 28°C.

Genome Database
The gene predictions were parsed into GFF file format and
loaded into a Chado [59] database which is designed
especially to hold a wide variety of biological data.

Gbrowse [60], the Generic Genome Browser, was installed
on a web server in the latest stable version (1.69) and con-
figured to display the genomic data from the Chado data-
base.
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Abstract
The first genome sequences of the important yeast protein production host Pichia pastoris have
been released into the public domain this spring. In order to provide the scientific community easy
and versatile access to the sequence, two web-sites have been installed as a resource for genomic
sequence, gene and protein information for P. pastoris: A GBrowse based genome browser was set
up at http://www.pichiagenome.org and a genome portal with gene annotation and browsing
functionality at http://bioinformatics.psb.ugent.be/webtools/bogas. Both websites are offering
information on gene annotation and function, regulation and structure.

In addition, a WiKi based platform allows all users to create additional information on genes,
proteins, physiology and other items of P. pastoris research, so that the Pichia community can benefit
from exchange of knowledge, data and materials.

Commentary
Modern biological research requires genome sequence
information of the organisms of interest for numerous
applications: the development of transcriptomic methods
like DNA microarrays relies on genome data, proteomics
needs a genome sequence for efficient identification of
proteins, metabolic modelling and flux analysis is based
on the knowledge of ideally all enzymatic reactions
encoded in the genome of an organism. Systems biology,

as the synthesis of the above mentioned techniques [1],
relies on comprehensive genome sequence data. Systems
biology is most advanced for a few model organisms, for
which genome sequencing has been an international chal-
lenge funded with public support. Systems biotechnol-
ogy, the application of these approaches to
biotechnological strain and process development, faces
the same needs [2]. However, genome sequencing of bio-
technologically relevant organisms has mainly been pur-
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sued with corporate support, and the results were kept
confidential over years for commercial exploitation. A
major disadvantage of this strategy is the delay of basic
research related to these organisms, negatively affecting
the knowledge of organisms with the highest relevance for
industry.

One such example is the yeast Pichia pastoris, widely used
for heterologous protein production (reviewed in [3,4]),
but also for the production of metabolites [5,6]. The
major research areas towards implementing P. pastoris as a
production host for heterologous proteins are engineering
of glycosylation [7-9] and protein folding and secretion
(reviewed in [10]). A draft genome sequence has been
available commercially since appr. 5 years and omics
methods have been developed based on this sequence
(transcriptomics [11,12]; proteomics [13]; metabolic flux
analysis ()[14,15]), but the strict obligation to keep
sequence information confidential has hampered publi-
cation of relevant data and collaborations, so that the
community could not benefit from exchange of knowl-
edge, data and materials.

To bridge this gap we have published the genome
sequences of two P. pastoris strains, DSMZ 70382 [16] and
GS115 [17], obtained with next generation sequencing
technologies. Versatile access to genome sequences is a
prerequisite for efficient utilisation of the information.
Therefore a genome browser was set up at http://
www.pichiagenome.org[18] with a main focus on P. pas-
toris DSMZ 70382 and a genome portal with the gene
annotation and browsing functionality for P. pastoris
GS115 at http://bioinformatics.psb.ugent.be/webtools/
bogas[19].

Both of these Pichia sites serve as a resource for genomic
sequence data and gene and protein information for P.
pastoris. The genome browser (GBrowse for DSMZ 70382
and AnnoJ [20] for GS115) allows users to view and nav-
igate genomic sequences including non-translated regions
of the genome. BLAST searches for comparing any query
sequence against the P. pastoris dataset, full text searches
and gene/sequence resources (Get Sequence) serve to
retrieve, display and analyze a gene or sequence in many
ways, such as protein translation. In the near future, a
comparison of the genome of different strains will be
added to both genome browsers.

The genome browser of P. pastoris DSMZ 70382 is based
on the Generic Genome Browser (GBrowse) which con-
sists of a web interface and a database backend. The sys-
tem was developed by the Generic Model Organism
Database project [21,22] for the purpose of exploring
genomic sequences together with annotated data.

GBrowse has already been used successfully in various
genome database projects like SGD, FlyBase or WormBase
and its functionality will therefore be familiar to many
researchers. The browser simultaneously provides a bird's
eye view and detailed views of the genome and facilitates
easy navigation through the genome using its zoom
capacity. A flexible display of a variety of features, includ-
ing genes, proteins, RNAs, GC content and restriction
sites, on separated customizable tracks permits the user to
adapt the browser to his or her needs. The visualization of
Microarray probe locations allow for the direct access to
specific probe sequence and location of published micro-
array designs [12]. The Pichia Genome Browser further
allows locating DNA or protein sequence patterns, to
design sequencing and PCR primers and to display restric-
tion maps for a sequence. Several search functions are
implemented, including a full text search of the gene
annotation. Each gene has a details page where further
information about the gene such as its annotation or
assigned Gene Ontology (GO) terms [23] is displayed.
Apart from the DNA, the coding and the translated
sequence of a gene, an up- or downstream region can be
specified to be displayed on this page. At the bottom of
each details page, links allow users to directly send the
specific sequence to other analysis tools such as BLAST.
Furthermore, the results of a precalculated InterProScan
pattern search [24] are displayed for each annotated pro-
tein and can be accessed through the respective link. A
comments section enables researchers to add information
to their genes of choice. Data downloads are available
either in the format of decorated FASTA files or gff files
which include gene annotation. Future work on the
genome browser of P. pastoris DSMZ 70382 will include a
genome snapshot which will summarize the status of
annotation and the distribution of gene products among
functional groups. Batch download processes and an
extension of the tools section are planned as well as a plat-
form for the community to share experiences and knowl-
edge in order to promote collaboration. Tutorials for
GBrowse are available at [25] or [26].

Except the basic genome browsing and search function,
the genome portal of GS115 strain also provides a com-
prehensive protein-coding gene annotation by the
BOGAS (Bioinformatics Gent Online Genome Annota-
tion System). The BOGAS is a gene centric concept, which
means the information is provided based on the informa-
tion related to the gene. Each gene has it's own annotation
page which provides an overview of the gene information
including the annotator, gene function, gene ontology,
protein domain, protein homologs, gene structure, CDS
and protein. The annotator information tells who and
when annotated this gene and the history log to go back
to previous version. Gene function field is filled by anno-
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tators with the full gene function and a dictionary to pro-
vide a standardized gene nomenclature (short name). The
BOGAS system automatically updates the protein infor-
mation to provide the gene ontology and protein domain
by InterProScan, the protein homologs and the multiple
alignment by BLASTP and MUSCLE [27] when the user
updates the gene structure.

The most important feature of BOGAS system is that it
allows the registered users to update the information.
Users can correct existing gene structure or create new
genes by the annotation software (Artemis [28] or
GenomeView [29]) and contribute their expert biological
domain in the gene function field. Since the BOGAS pro-
vides the history log function, other experts can update
the information and people in the community can trace
these changes in few clicks. The full text search function in
BOGAS can search across locus id, protein domain,
genomic location and annotator information. The BLAST
function also provides bidirectional link between the
query sequence and the possible gene or genomic region.
After running the sequence similarity search to fish out the
candidate gene or genomic sequence, the user will be
linked between the BLAST search result and the corre-
sponding gene region.

As it has been adopted already to a large extent, we suggest
that P. pastoris gene names should follow the format estab-
lished for S. cerevisiae gene names. A detailed guide to S.
cerevisiae nomenclature has been published in Trends in
Genetics [30]. The gene name should consist of three let-
ters followed by an Arabic number (e.g. TPI1). Where P.
pastoris and S. cerevisiae genes appear to be orthologous,
they should share the same gene name. The use of prefixes
adds clarity to papers discussing genes from different spe-
cies that share a name (e.g., PpURA3 vs. ScURA3), but the
gene names themselves do not include the prefix.

These two Pichia pastoris genome sites have been devel-
oped as a service for the scientific community. The remote
annotations can be added either by informing the authors
or through the BOGAS system. The WiKi based platform
will allow to create additional information on genes, pro-
teins, physiology and other items of P. pastoris research.
We invite the P. pastoris community to join our efforts by
providing new information on gene annotation, function,
regulation and structure.
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Research articleThe response to unfolded protein is involved in 
osmotolerance of Pichia pastoris
Martin Dragosits1, Johannes Stadlmann2, Alexandra Graf1,3, Brigitte Gasser1, Michael Maurer3, Michael Sauer3, 
David P Kreil4, Friedrich Altmann2 and Diethard Mattanovich*1,3

Abstract
Background: The effect of osmolarity on cellular physiology has been subject of investigation in many different 
species. High osmolarity is of importance for biotechnological production processes, where high cell densities and 
product titers are aspired. Several studies indicated that increased osmolarity of the growth medium can have a 
beneficial effect on recombinant protein production in different host organisms. Thus, the effect of osmolarity on the 
cellular physiology of Pichia pastoris, a prominent host for recombinant protein production, was studied in carbon 
limited chemostat cultures at different osmolarities. Transcriptome and proteome analyses were applied to assess 
differences upon growth at different osmolarities in both, a wild type strain and an antibody fragment expressing 
strain. While our main intention was to analyze the effect of different osmolarities on P. pastoris in general, this was 
complemented by studying it in context with recombinant protein production.

Results: In contrast to the model yeast Saccharomyces cerevisiae, the main osmolyte in P. pastoris was arabitol rather 
than glycerol, demonstrating differences in osmotic stress response as well as energy metabolism. 2D Fluorescence 
Difference Gel electrophoresis and microarray analysis were applied and demonstrated that processes such as protein 
folding, ribosome biogenesis and cell wall organization were affected by increased osmolarity. These data indicated 
that upon increased osmolarity less adaptations on both the transcript and protein level occurred in a P. pastoris strain, 
secreting the Fab fragment, compared with the wild type strain. No transcriptional activation of the high osmolarity 
glycerol (HOG) pathway was observed at steady state conditions. Furthermore, no change of the specific productivity 
of recombinant Fab was observed at increased osmolarity.

Conclusion: These data point out that the physiological response to increased osmolarity is different to S. cerevisiae. 
Increased osmolarity resulted in an unfolded protein response (UPR) like response in P. pastoris and lead to pre-
conditioning of the recombinant Fab producing strain of P. pastoris to growth at high osmolarity. The current data 
demonstrate a strong similarity of environmental stress response mechanisms and recombinant protein related 
stresses. Therefore, these results might be used in future strain and bioprocess engineering of this biotechnologically 
relevant yeast.

Background
The response of cells to high osmotic pressure and
increased salinity has been a subject of close investigation
in many different organisms [1-4]. Depending on the
intensity of the osmotic shock the immediate response to
high osmolarity usually includes the activation of the
environmental stress response (ESR) and of the high
osmolarity glycerol (HOG) pathway to induce changes

that are necessary to cope with this stressful environmen-
tal condition in Saccharomyces cerevisiae [5,6]. In batch
culture, osmotic shock usually implies a temporary
growth arrest to adapt the cellular metabolism [7]. Major
adjustments of gene transcription in Saccharomyces cere-
visiae and other yeasts include the induction of glycerol-
3-phosphate dehydrogenase GPD1 transcription [8],
transcriptional repression of the plasma membrane glyc-
erol efflux channel FPS1 [2], but also the adjustment of
ribosome biogenesis and the translation and protein fold-
ing machinery [9]. Glycerol production, but also the pro-
duction of other small organic molecules, is induced in
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different yeast species to compensate variations of
osmotic conditions [10]. Polyols, such as glycerol, pertain
to a class of small molecules known as compatible sol-
utes, which, in contrast to inorganic ions, can be safely
accumulated and degraded in the cell without impairing
cellular function or having detrimental effects on protein
and nucleic acid stability [11]. Furthermore, biomass yield
is reduced upon exposure to high osmolarity because of
higher maintenance energy in both, batch and chemostat
cultures [7,12]. However, it is known that after the imme-
diate shock response, transcript levels of many stress
responsive genes return to near basal levels after cells
have adapted to the new environmental conditions [6].

The effect of osmolarity on cellular physiology is not
only of particular interest for the basic research commu-
nity. As biotechnological production processes aim at
high cell and product concentrations, cultivation media
usually employ high concentrations of nutrient salts and
carbon source resulting in high osmolarities. Addition-
ally, there is some evidence that exposure to osmotic
stress can have a beneficial effect on recombinant protein
production in bacterial, yeast and mammalian host
organisms [13-16]. Unfortunately, the positive effect of
increased osmolarity on heterologous protein production
is, at least in mammalian cells, often cell line specific [17]
and e.g. in case of the yeast Pichia pastoris it remains
anecdotal. The genome sequence of P. pastoris has been
recently published [18,19] and with a publicly available
sequence at hand thorough physiological investigations
and characterization of this biotechnologically relevant
organism becomes feasible.

In this context the effect of osmolarity on the physiol-
ogy of P. pastoris was analyzed in both a non-expressing
wild type (wt) strain and a recombinant protein secreting
strain. The protein secretion strain expressed the anti-
body Fab fragment 3H6 [20,21] under the control of the
constitutive glyceraldehyde-3-phosphate dehydrogenase
(GAP) promoter. The effect of osmolarity was monitored
in steady state by applying chemostat cultivation in both
strains. Although chemostat cultivation differs from
batch and fed batch systems, which are usually applied for
large scale production of recombinant proteins, long
term suboptimal growth conditions as they occur during
batch and fed batch cultivation can also be applied in
steady state chemostat conditions [22]. Furthermore,
chemostat cultivation offers the advantage that growth
rate related effects, which otherwise would interfere with
high throughput protein and mRNA analytics, can be
avoided [23].

To analyze the effect of increased osmolarity on host
cell physiology, 2D Fluorescence Difference Gel Electro-
phoresis (2D-DIGE) and DNA microarray analyses were
applied. These techniques have already been successfully
applied to monitor the effect of environmental factors,

such as temperature and osmolarity in yeasts [6,24-26].
Furthermore, HPLC analysis was applied to analyze to
intracellular polyol and trehalose contents.

The obtained data indicated an unfolded protein
response (UPR) like response upon growth at increased
osmolarity in the non-expressing wt strain of P. pastoris.
In the recombinant protein secreting strain, the UPR was
obviously already induced due to protein overexpression.
The observed overlap of the response to increased osmo-
larity and the response to recombinant protein produc-
tion, lead to less adaptations/changes upon high
osmolarity on both, the transcriptome and proteome
scale, in the Fab secreting strain than in the non-express-
ing wt strain.

Results
General characteristics of cultures at different osmotic 
conditions
Chemostat cultivations of P. pastoris were performed at
three different osmotic conditions, which were achieved
by different concentrations of KCl in the growth medium.
This resulted in supernatant osmolarities of approxi-
mately 140, 850 and 1350 mOsmol kg-1, which will be
named low, medium and high osmolarity thereafter. Sam-
ples were taken at steady state, which means fully adapted
cells were analyzed. The characteristics of the chemostat
cultures did not dramatically change upon cultivation at
different osmotic conditions (Table 1). Biomass yield
decreased with increasing osmolarity in the wt strain and
Fab 3H6 producing strain. However, the decrease in bio-
mass yield was only statistically significant (p ≤ 0.05)
between cultivations at low and high osmolarity in both
strains. The amount of total protein secreted into the cul-
ture supernatant did not change upon higher osmotic
pressure, but was generally higher in the Fab 3H6 produc-
tion strain. Osmolarity of the growth medium did not sig-
nificantly influence specific productivity (qP) of the Fab
3H6. Generally, increased osmotic pressure poses a
severe stress condition to cells [2]. Although the osmolar-
ity was increased approximately 6-fold and ten-fold in the
current study, no decrease of cell viability was observed.
More than 97% of the cells in chemostat culture repre-
sented viable cells throughout all cultivations (Table 1).
According to flow cytometry data, increased osmolarity
resulted in a decrease of the mean cell size as indicated by
a decrease of the mean forward scatter of the cells (Table
1).

Production of compatible solutes and trehalose in P. 
pastoris upon growth at different osmolarities
In yeasts, glycerol is a very common solute but other
polyols such as arabitol, mannitol and erythritol are also
produced in some yeast species [10]. To analyze whether
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P. pastoris produces any of these substances, cell extracts
were analyzed by HPLC.

It turned out that very low levels of mannitol and nearly
no detectable amounts of erythritol were present in P.
pastoris cells (Additional file 1). Intracellular glycerol lev-
els were higher than mannitol and erythritol levels and a
slight significant increase in the wt strain from low to
high and medium to high osmolarity occurred (p ≤ 0.05),
whereas no significant changes of glycerol content were
observed in the Fab 3H6 expressing strain (Figure 1A).
Surprisingly, arabitol was the most abundant compound
of the analyzed polyols in P. pastoris cells (five fold higher
basal level then glycerol) and showed statistically signifi-
cant increased levels (p ≤ 0.05) when shifting growth con-
ditions towards high osmolarity (Figure 1B). A 3-fold
increase of intracellular arabitol levels was observed
when comparing low and medium osmolarity conditions
and a 4-fold increase when comparing cells grown at low
and high osmolarity.

Furthermore, intracellular levels of trehalose were ana-
lyzed as trehalose is thought to be involved in relieving or
impeding protein folding stress [27], which may also
occur during salt stress [9]. Intracellular trehalose levels
were in the same range as glycerol levels but showed a
significant trend (p ≤ 0.05) towards decreased concentra-
tions at medium and high osmolarity growth conditions
in the wt strain but slightly missed the threshold p-value
in the 3H6 Fab expressing strain (Figure 1C and Addi-
tional file 1)

The effect of osmolarity on the P. pastoris intracellular 
proteome
As 2D-DIGE has already been successfully applied to
monitor changes in the P. pastoris proteome upon growth
at different temperatures [26], this method was also
applied to track changes upon growth at elevated osmo-
larity. In the wt strain of P. pastoris approximately 300
proteins passed the criteria (see experimental procedures

section for details), whereas about 150 proteins passed
these criteria in the recombinant protein producing
strain. Most of the protein spots represented low abun-
dant proteins with too small quantities of proteins on the
2D gels to be confidently identified, resulting in 37 suc-
cessfully identified proteins (Table 2). A list of all identi-
fied protein spots with corresponding peptides, obtained
from MS/MS analysis, is available in Additional file 2. As
already reported in previous studies [26,28], additionally
to most likely full length proteins, protein fragments were
identified according to the spot position on the gel (e.g
Spot 4-Aco1, Spot 20 and 21-Ino1 and Spot 30-Ssb1;
Table 2). Furthermore, protein levels showed the largest
changes when low and medium and low and high osmo-
larity cultivations were compared, whereas only minor
changes occurred when comparing medium and high
osmolarity setpoints (see Additional file 3 for a complete
table of relative protein levels).

As can be seen in Figure 2, the major impact of osmo-
larity on the P. pastoris proteome was on proteins
involved in energy metabolism and protein folding.
Whereas protein levels of a major spot of aconitate
hydratase (Aco1p) were increased at medium and high
osmolarity in the wt strain, they were not significantly
affected by osmolarity in the Fab 3H6 producing strain.
In contrast, in the Fab 3H6 expressing strain three minor
isoforms or degradation products were significantly
down-regulated at higher osmolarity, but showed no
altered abundance in the wt strain. Furthermore, citrate
synthase (Cit1p) protein levels were decreased at high salt
concentrations in the wt strain but showed no significant
change in the Fab producing strain. Formate dehydroge-
nase (Fdh1p), glycerol kinase (Gut1p), and isocitrate lyase
(Icl1p) showed similar trends towards lower protein lev-
els during medium and high osmolarity cultivations in
both strains, whereas pyruvate kinase (Cdc19p) and
phosphoglycerate kinase (Pgk1p) were generally up-regu-
lated at higher osmolarity (it should be noted that Pgk1p

Table 1: Characteristics of P. pastoris X-33 grown in carbon limited chemostat cultures at different osmolarities.

Clone Osmolarity 

[mOs kg-1]

YDM [g L-1] Total protein 

supernatant [mg L-1]

viability [%] forward 
scatter

qP FabYDM-1h-1

wt 149 +/- 11,4 27.7 +/- 0.3 0.38 +/- 0.01 97.5 +/- 0.3 443 +/- 95 -

wt 865.7 +/- 3,2 27.3 +/- 0.2 0.36 +/- 0.02 98.8 +/- 0.2 258 +/- 15 -

wt 1351.3 +/- 2,0 26.0 +/- 0.3 0.38 +/- 0.00 98.1 +/- 0.2 297 +/- 4 -

Fab 135.2 +/- 3.3 27.8 +/- 0.2 0.47 +/- 0.04 97.2 +/- 0.4 355 +/- 60 0.039 +/- 0.004

Fab 857.3 +/- 8.5 26.8 +/- 0.4 0.44 +/- 0.05 97.9 +/- 0.6 225 +/- 30 0.042 +/- 0.002

Fab 1352 +/- 10,1 24.9 +/- 0.3 0.45 +/- 0.05 97.8 +/- 0.5 206 +/- 12 0.047 +/- 0.006

wt represents the non-expressing wild type strain. Fab represents the recombinant protein producing strain. Osmolarity values represent 
actual measured values of the culture supernatant. +/- represents the standard error of the mean. - not applicable.
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levels returned to levels similar to low osmolarity cultiva-
tion in the production strain). Phosphoglucose isomerase
(Pgi1p) showed lower levels at medium osmolarity in the
production strain and a protein identified as Atp3p (a
subunit of the mitochondrial F0F1 ATPase) was mas-
sively down-regulated at medium and high salt concen-
trations in the wt strain. Furthermore, alcohol oxidase
(Aox1p), a key enzyme in methanol utilization, was

down-regulated at medium and high osmolarity in the wt
strain but did not show a significant change in the Fab
3H6 expressing strain. It should be pointed out that
AOX1 transcription is thought to be repressed during
growth on glucose and that the current study was per-
formed with glucose as carbon source to constitutively
express the heterologous protein under the control of the
GAP-promoter. However, it was shown previously that
basal levels of Aox1p were actually present during glucose
limited growth of P. pastoris [26].

Similar discrepancies between the wt and the recombi-
nant protein expressing strain were observed for proteins
involved in protein folding and secretion and folding
stress response. Whereas the major ER chaperone and
unfolded protein response (UPR) sensor Kar2p/BiP and
the protein disulfide isomerase Pdi1p were up-regulated
at medium and high osmolarity in the wt strain, no
changes of these two proteins were observed in the Fab
producing strain. More prominently increased levels of
cytosolic and mitochondrial chaperones Ssc1p, Sse1p,
Ssz1p and Hsp60p were observed at medium and high
osmolarity in the wt strain than in the Fab 3H6 producing
strain. The stress induced chaperone Ssa4p showed
increased levels at medium salt concentrations in both
strains but returned to below basal levels at high salt con-
ditions in the Fab producing strain. Ino1p, a protein
involved in synthesis of inositol phosphates and inositol-
containing phospholipids and which is linked to the UPR
[29], was also up-regulated at high salt concentrations in
both strains analyzed.

Other protein spots that changed their abundance
upon cultivation at increased salt concentrations were
Agx1p and Gdh1p (both involved in amino acid synthe-
sis). Both of them showed higher protein levels during
growth at high osmolarity.

Figure 2 summarizes the osmolarity-induced effects
observed on the proteome level of P. pastoris.

The effect of osmolarity on the P. pastoris transcriptome
To analyze the effect of different osmolarities on the P.
pastoris transcriptome, P. pastoris specific microarrays
were applied (Agilent platform). To support microarray
analysis, real-time PCR was performed. Real-time PCR
data proved to be consistent with microarray results
(Additional file 4). More significant changes on the tran-
scriptome level were observed in the wt strain than in the
recombinant protein expressing strain (Table 3). Low p-
values can result from a high technical variation within
the replicates or reflect the biological truth within the
samples. To determine if the lower amount of signifi-
cantly regulated genes in the Fab expressing strain is a
technical artefact, the correlation, standard deviation and
the coefficient of variation for the replicates of the wt and
expressing strain were compared. Correlation of intensity

Figure 1 Intracellular glycerol (A), arabitol (B) and trehalose (C) 
levels during carbon limited steady state cultivation of P. pastoris 
at different osmolarities (low, medium and high). wt - wild type 
strain. Fab 3H6 - Fab 3H6 strain. Error bars represent the standard error 
of the mean.
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Table 2: Proteins that were affected by growth at different osmolarities in carbon limited chemostat cultures of P. pastoris 
X-33.

wt low/high Fab low/high

Spot no Protein description MW/pI Av ratio 1-ANOVA Av ratio 1-ANOVA

1 Aco1 aconitase 84.5/5.93 -2.25 3.70E-04 1.01 7.60E-04

2 Aco1 aconitase 84.5/5.93 -1.13 5.80E-02 1.54 4.40E-05

3 Aco1 aconitase 84.5/5.93 -1.23 8.40E-02 1.49 5.10E-04

4 Aco1 aconitase 84.5/5.93 1.10 2.10E-01 1.51 2.30E-04

5 Agx1 alanine:glyoxylate 
aminotransferase

31.0/6.36 -1.79 1.00E-04 -1.43 8.80E-03

6 Aox1 alcohol oxidase 73.8/6.41 2.34 1.90E-02 -1.36 1.80E-01

7 Atp3 F1F0 ATPase 
subunit

31.6/7.74 3.28 3.20E-06 1.26 4.20E-01

8 Cdc19 pyruvate kinase 49.6/6.24 -1.81 3.40E-03 -1.26 9.10E-03

9 Cit1 citrate synthase 51.9/8.32 3.23 2.90E-04 -1.04 1.30E-01

10 Eft2 Elongation Factor 2 93.6/6.29 -1.93 3.40E-04 1.14 6.30E-02

11 Erg10 acetyl CoA 
acetyltransferase

41.7/6.10 -1.83 7.00E-05 -1.20 5.30E-02

12 Faa2 long chain fatty 
acyl-CoA synth.

25.4/6.73 -1.65 3.40E-03 1.16 5.10E-01

13 Fdh1 formate 
dehydrogenase

40.3/6.61 1.79 1.30E-03 1.35 3.20E-03

14 Gdh1 glutamate 
dehydrogenase

49.3/5.67 -2.38 3.40E-02 -1.45 2.20E-04

15 Gut1 glycerol kinase 68.2/5.33 1.31 5.90E-03 1.18 1.20E-03

16 Hbn1 nitroreductase 
(similar to bacterial)

21.8/6.30 1.12 2.10E-01 1.36 3.00E-08

17 Hsp60 heat shock 
protein 60

60.2/5.08 -1.83 1.20E-05 -1.13 1.40E-04

18 Icl1 isocitrate lyase 61.5/6.15 1.41 2.10E-03 1.56 1.90E-05

19 Ino1 inositol-1-P 
synthase

58.4/5.26 -2.61 1.30E-05 -1.88 1.30E-04

20 Ino1 inositol-1-P 
synthase

58.4/5.26 -1.78 1.80E-05 -1.11 1.60E-04

21 Ino1 inositol-1-P 
synthase

58.4/5.26 -1.06 3.60E-01 1.41 9.00E-04

22 Kar2 BiP 74.2/4.79 -2.95 4.70E-05 -1.05 5.90E-01

23 Pab1 poly A binding 
protein

68.6/5.07 -1.77 5.00E-04 -1.03 3.70E-05

24 Pdi1 protein disulfide 
isomerase

57.8/4.63 -1.66 2.10E-05 1.08 1.00E-02

25 Pgi1 phosphoglucose 
isomerase

61.9/5.83 1.12 1.00E-01 1.07 7.00E-04

26 Pgk1 phosphoglycerate 
kinase

44.1/7.77 -1.97 3.30E-05 -1.03 2.40E-02

27 Pil1 Primary 
component of 

eisosomes

35.3/5.03 1.35 2.60E-02 1.12 6.20E-03

28 Rib3 DHBP synthase/
riboflavin

22.9/5.09 -1.84 7.80E-06 -1.16 7.60E-02
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values was generally high between all microarrays of one
group (wt/expressing red channel/green channel (see
Additional file 5) with r2 values between 0.95 and 0.97.
The values for standard deviation and coefficient of varia-
tion (CV) indicated that the variance in replicates of the
expressing strain was slightly but consistently higher than
for the wt strain (on average CV 0.18 for the wt and CV
0.28 for the expressing strain, Additional file 5). Based on
these results additional microarray experiments were
performed to exclude any bias in the data. These addi-
tional data did not change the result or number of regu-
lated genes, suggesting a true biological difference. To
eliminate the possibility that the samples of the express-
ing strain vary more than the ones of the wt strain, hierar-
chical cluster analysis (HCA) and gene set analysis (GSA)
were performed on the fold change data and indicated
that regulation was indeed different in the two strains
analyzed (Additional file 5).

Because most of the genes that were regulated when
comparing low to medium osmolarity were also regulated
when comparing low to high osmolarity, the following
data presentation and discussion will focus on the effects
that were observed when low and high osmotic condi-
tions were compared.

To get an overview of the general adaptations during
steady-state cultivation, Fisher's exact test was performed
to identify cellular processes, which were affected by dif-
ferent osmolarities on the transcript level. A total of 23
GO categories were either affected in both or at least in
one of the analyzed strains (Additional file 5). Concor-
dant with the mere number of regulated genes, there

appeared more significantly affected cellular processes in
the wt strain than in the heterologous protein expressing
strain. Only 3 GO categories occurred to be affected in
both strains, namely GO:0006811 (ion transport),
GO:0007047 (cell wall organization) and GO:0019725
(cellular homeostasis). Additionally, in the wt strain the
GO terms GO:0005975 (carbohydrate metabolism),
GO:0006350 (transcription), GO:0006412 (translation)
and GO:0042254 (ribosome biogenesis and assembly)
were affected by increased extracellular osmolarity.

Figure 3 summarizes the important changes at the
mRNA level of P. pastoris, grown in carbon-limited
chemostat cultures when comparing high to low osmo-
larity, whereas microarray data for the discussed genes
can be found in Additional file 6.

Regarding ion transport, uptake and metabolism, high
osmolarity resulted in increased expression of the iron
transporters FTR1, SIT1 and the vacuolar iron reductase
FRE6 in both strains. Calcium ion homeostasis and cal-
cium dependent signal transduction were obviously
affected by high osmolarity in the wt strain as the Ca2+

transporter PMC1 and Calcineurin A (CNA1) were
down-regulated at high osmolarity.

A major effect was apparent for genes involved in cell
wall organization and its biogenesis. Whereas 21% of the
genes belonging to this GO group were down-regulated
at high osmolarity in the wt strain, a similar effect, albeit
with fewer significant genes, was observed in the 3H6 Fab
secreting strain (Figure 4A and 4B). Additionally, a puta-
tive extracellular or cell wall associated protein with
homology to the S. cerevisiae PRY1 gene was up-regu-

29 Sor2 similar to sorbitol 
dehydrogenase

38.6/5.76 1.34 3.50E-02 1.24 2.50E-03

30 Ssa4 heat shock protein 70.3/5.12 -1.20 4.90E-02 1.15 1.10E-05

31 Ssb1 heat shock protein 66.5/5.12 -1.02 8.70E-01 1.17 1.70E-03

32 Ssb1 heat shock protein 66.5/5.12 1.58 1.20E-03 1.03 1.50E-05

33 Ssc1 mitochondrial 
matrix ATPase

69.7/5.71 -4.7 3.80E-03 -1.20 5.40E-05

34 Sse1 hsp70 family 
ATPase

78.7/5.11 -2.79 5.80E-05 -1.14 3.70E-04

35 Ssz1 hsp70 family 
ATPase

57.9/4.83 -1.81 8.00E-06 -1.21 4.30E-05

36 Tfs1 carboxypeptidase 
Y inhibitor

24.2/4.92 -2.00 3.90E-04 -1.39 2.00E-02

37 Ymr090W unknown function 25.1/6.91 -1.41 3.40E-05 -1.23 1.30E-04

Analysis was performed by 2D-DIGE and subsequent LC ESI-MS/MS identification. Protein standard name (according to the SGD, http://
www.yeastgenome.org), protein functional description, theoretical molecular weight (MW) and theoretical isoelectric point (pI), average 
expression values and 1-ANOVA values are shown. Significant ANOVA values are indicated in bold letters. The average protein abundance 
fold change of the comparison of low and high osmolarity setpoints (Av ratio) are shown. Additional protein fold change data are available 
through Additional file 3.

Table 2: Proteins that were affected by growth at different osmolarities in carbon limited chemostat cultures of P. pastoris 
X-33. (Continued)
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lated in both strains at high osmolarity. Increased levels
of a gene with homology to S. cerevisiae PRY1 upon
increased salinity have also been reported for the halotol-
erant yeast Hortaea werneckii previously [30]. However,
no changes in the protein pattern, indicating higher pro-
tein levels, were observed by SDS-PAGE of the culture
supernatant (data not shown).

A signaling cascade for sensing and adaptation to
osmotic stress in S. cerevisiae has already been estab-

lished based on the available data [2,31] and genes with
homology to the corresponding genes in S. cerevisiae
were also identified in P. pastoris. None of the genes
involved in osmotic stress sensing upstream of the mito-
gen activated protein kinase (MAPK) Hog1 showed sig-
nificant regulation in the Fab 3H6 expressing strain,
whereas SHO1, SSK1 and PTP3 were up-regulated and
STE50 was down-regulated at increased osmolarity in the
wt strain (Figure 4A).

Figure 2 Schematic representation of significant differences on the proteome level between high and low osmolarity cultivation of P. pas-
toris in carbon limited chemostats. Left arrow represents changes in wt strain of P. pastoris, and the right arrow represents changes in the Fab 3H6 
secreting strain. Red upward arrow - higher abundance at high osmolarity; Blue downward arrow - lower abundance at high osmolarity; black bar - 
no change in abundance.
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Table 3: Number of regulated annotated genes (up- and down-regulated) in the wt strain and the Fab expressing strain at 
different osmolarities during carbon limited chemostat cultivation.

strain low/high up low/high
down

low/medium
up

low/medium
down

medium/high
up

medium/high
down

Wt 226 165 153 50 1 1

Fab 27 13 13 10 8 6

common 
genes

22 7 11 4 0 0

Wt - non-expressing wild type strain. Fab - Fab 3H6 expressing strain. The number of genes that are similarly regulated in both strains are 
listed as common genes.
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Figure 3 Schematic representation of significant changes on the transcriptome level between high and low osmolarity cultivation of P. 
pastoris in carbon limited chemostats. Wt strain (A). 3H6 Fab expressing strain (B). Only statistically significant genes are represented (cut-off q < 
0.05). Blue downward arrows indicate down-regulation of genes at high osmolarity. Red upward arrows indicate up-regulated genes at high osmo-
larity. No arrow indicates no significant regulation of the genes or gene groups.
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Several genes involved in energy metabolism and stor-
age carbohydrate metabolism were affected by increased
osmolarity. FBA1, a key enzyme in glycolysis and gluco-
neogenesis, was up-regulated in the heterologous protein
expressing strain at high osmolarity. The acetyl-coA syn-
thetase ACS2 was up-regulated in the wt strain at high
osmolarity. Transcript levels of several genes involved in
the tricarboxylic acid (TCA) cycle and the glyoxylate
cycle, namely ACO1, FUM1, MDH1, SFC1 and ICL1 were
reduced and subunits of the ATP synthase (ATP5 and
ATP18) were up-regulated during growth at high osmo-
larity in the P. pastoris wt strain. In the Fab producing
strain, TKL1, involved in the pentose phosphate (PP)
pathway was significantly up-regulated. Glycogen synthe-
sis was also affected by high osmolarity as GLG1, GSY2
and GLC3 showed decreased transcript levels during
growth at high osmolarity. Decreased levels of DGA1,
GUT1 and GTP2 indicated changes in glycerol and lipid
metabolism. Additionally, a homologue to the S. cerevi-
siae putative passive glycerol channel YFL054C was
down-regulated and the active glycerol importer STL1
was up-regulated during growth at high osmotic condi-
tions in the wt strain. Furthermore, significant down-reg-
ulation of the P. pastoris alcohol oxidase AOX1 was
observed in the wt strain at high osmolarity, whereas no
significant regulation was observed in the Fab 3H6
expressing strain. These data are concordant with data on
the proteome level (Table 2).

In the wt strain approximately 7% of the genes involved
in ribosome biogenesis and assembly were up-regulated
during steady state cultivation at high osmolarity.

The effect of recombinant protein production on the 
transcriptome of P. pastoris at low osmolarity
As the experiment was performed with a non-expressing
wt and a recombinant protein expressing strain of P. pas-
toris the effect of recombinant protein expression itself
on the cellular transcriptome at low osmolarity could also
be analyzed. The most prominent effect of recombinant
protein production on host cell physiology is the induc-
tion of the unfolded protein response (UPR) [32-35].
Therefore, we analyzed whether this effect could be
observed at low osmolarity in glucose limited chemostat
cultures of P. pastoris. It turned out that the transcrip-
tional response to recombinant protein production dur-
ing chemostat cultivation at low osmolarity was low. Only
7 mRNAs were significantly regulated when comparing
the two strains using a strict cut-off (a Benjamini-
Yekutieli corrected p-value of q ≤ 0.05). Using a less strict
cut-off (unadjusted p-value of ≤ 0.001) 79 genes were sig-
nificantly regulated (Additional file 7). HAC1 was up-reg-
ulated in the Fab expressing strain and indicated the
induction of the UPR in the Fab expressing strain. In con-
trast to HAC1 other members of the core UPR and tar-
gets of the HAC1 transcription factor showed no
significant response by applying a p-value cut-off. How-
ever, Gene Set Analysis (GSA) applied on the microarray
data revealed increased expression of genes related to the
GO term GO:0006986 (Response to unfolded protein)
(Additional file 7). The UPR (GO:0030968) is a specific
response to unfolded protein in the ER and is a subcate-
gory of GO:0006986.

The up-regulation of the HAC1 transcript as well as the
significant upregulation of the response to unfolded pro-
tein indicated the induction of the UPR in the Fab 3H6
expressing strain. The effect was lower than in previous
studies, which in fact were performed in non-carbon lim-
ited batch cultures. It is known that during carbon-lim-
ited chemostat cultivation of S. cerevisiae metabolic
control can be more important than gene regulation [36].
Furthermore, it is known that part of the regulation of the
UPR can be performed on a post-transcriptional or even
post-translational level in S. cerevisiae and Aspergillus
niger [37,38]. Less information about control mechanisms
are available for P. pastoris. We conclude that similar to
these previous studies, a substantial part of regulation,
including the regulation of the UPR, is achieved on a
post-transcriptional level during glucose-limited chemo-
stat cultivation of P. pastoris.

Regarding the response to unfolded protein, GSA indi-
cated significantly increased transcription of genes
related to this GO category (GO:0006986) in the wt strain

Figure 4 Growth of S. cerevisiae HA232 (A) and P. pastoris X-33 (B) 
on YPD agar with different concentrations of NaCl or KCl. YPD agar 
plates and plates containing 0.6 M NaCl or KCl were incubated at 28°C 
for 4 days, whereas all other plates were incubated at 28°C for 6 days.
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at high osmolarity. In contrast, higher growth medium
osmolarity did not result in an induction of the response
to unfolded protein in Fab 3H6 expressing strain (Addi-
tional file 5).

Salt tolerance of Pichia pastoris
As no data on the salt tolerance of P. pastoris compared to
S. cerevisiae were found in literature, a growth test on
YPD agar plates, containing different amounts of NaCl or
KCl, was performed. This growth test indicated higher
tolerance to growth on NaCl and a less pronounced
higher tolerance to growth on KCl of P. pastoris com-
pared to S. cerevisiae (Figure 4).

Discussion
Production of Compatible Solutes
To counterbalance the osmotic pressure by high or low
salt or solute concentrations in the growth medium,
microorganisms produce various compatible solutes. In
S. cerevisiae and many other organisms glycerol is the
main osmolyte accumulated during osmotic stress. How-
ever, we found that intracellular glycerol levels were low
at all osmotic conditions in P. pastoris. On the other
hand, arabitol was more abundant than glycerol, even at
low osmolarity, and it was accumulated in P. pastoris dur-
ing growth at elevated osmotic pressure (Figure 1A and
1B). Glycerol production in S. cerevisiae depends on the
increased expression of glycerol-3-phosphate dehydroge-
nase GPD1 and glycerol-3-phosphatase GPP2 [7,25].
Nevertheless, we could not find neither of the two genes
involved in glycerol metabolism, GPD1 and GPP2, to be
up-regulated on the transcript level and did not identify
protein spots with altered expression which would match
these two genes in P. pastoris. Furthermore, it was shown
in Debaryomyces hansenii that NaCl stress lead to
increased levels of proteins involved in the upper part of
glycolysis and down-regulation of proteins involved in
the TCA-cycle [24]. It was concluded that these changes
may favor the accumulation of dihydroxyacetonephos-
phate and consequently the production of glycerol [39].
No changes related to the upper part of glycolysis were
observed in the current study, although it is clear that the
need for compatible solutes leads to a redirection of a
part of the carbon source to alleviate the stress induced
by increased osmolarity. This would make sense as arabi-
tol obviously plays a more important role as compatible
solute than glycerol in P. pastoris. However, the regula-
tion of genes involved in glycerol uptake and efflux, such
as the up-regulation of STL1 and the down-regulation of
YFL054C may be beneficial for P. pastoris as well. The
loss of minor osmolytes may result in detrimental effects
on cellular integrity at high KCl concentrations. No sig-
nificant regulation was observed for other putative glyc-
erol transporters of P. pastoris recently described by

Mattanovich and co-workers [18]. Arabitol synthesis is
linked to the pentose phosphate (PP) pathway. However,
no changes possibly linked to the PP pathway and arabitol
synthesis were observed on the transcript or the pro-
teome level. The regulation of arabitol synthesis might be
mainly achieved on a post-transcriptional level by
increased translation or by protein modification and
changes of enzyme activity during chemostat cultivation
of P. pastoris. Nevertheless, concordant with other stud-
ies, arabitol obviously is of particular importance for the
metabolism of P. pastoris as it is also secreted into the
supernatant at certain growth conditions, such as low
oxygenation [40].

Trehalose has been previously shown to play an impor-
tant role in heat shock induced refolding of proteins in
baker's yeast [41] and in vitro [27]. Furthermore, treha-
lose may also be involved in the response to temperature
induced stress in P. pastoris as intracellular levels
increased at elevated temperature (own unpublished
data). However, as trehalose levels were lower during
growth at high osmolarity and no changes of the stress
induced cytosolic trehalase NTH1 [42] were observed on
the protein or mRNA level, trehalose may not be directly
involved in the protection of proteins against osmotic
induced protein denaturation or damage. It is more likely
that, similar to S. cerevisiae, trehalose degradation may
play a role during growth at elevated osmolarity [43], or
that trehalose levels may be simply lower due to a redirec-
tion of carbon source to the production of arabitol rather
then to the production of trehalose.

Effect on Energy Metabolism
The differential response of Aco1p and the differences of
transcript levels of genes involved the TCA cycle to dif-
ferent osmotic conditions between the wt and the Fab
3H6 expressing strain lead to the conclusion that recom-
binant protein production influenced the osmo-depen-
dent adaptation of the energy metabolism. Previous data
already indicated a metabolic burden and influence of
recombinant protein production on energy metabolism
in P. pastoris [26,44]. Furthermore, the key enzyme of
methanol utilization, AOX1, was differently regulated in
the two strains and indicated significant differences in the
regulation of energy metabolism. Protein and transcript
levels of the alcohol oxidase (AOX1) were significantly
negatively affected by growth at high osmolarity in the wt
strain but not in the Fab 3H6 secreting strain. P. pastoris
Aox1 seems to be tightly regulated upon exposure to var-
ious stresses and might represent an ideal candidate as a
marker gene/protein to monitor diverse external and
internal stresses in P. pastoris. Apart from these addi-
tional data supporting the idea of a metabolic burden
during recombinant protein production in P. pastoris, no
clear interpretation about the changes of energy metabo-
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lism upon growth at different osmolarities in chemostat
cultures emerged. Further investigations using a different
approach to the one used in the current study will be nec-
essary to elucidate the effect of osmolarity on the energy
metabolism of P. pastoris.

Activation of translation, ribosome biogenesis and the 
response to unfolded protein at high osmolarity
Another major effect was the massive increase of chaper-
ones and UPR related proteins at high osmolarity. The
UPR, including heat shock proteins and cellular chaper-
ones, plays an essential role in the response to various
stresses [45]. Apart from its role in the ESR of unicellular
organisms, the UPR is also of great importance in human
disease as highlighted by its involvement in the develop-
ment of several human maladies such as diabetes, neuro-
degenerative disorders and cancer [46,47]. The
observation of increased levels of molecular chaperones
during growth at high osmolarity is concordant with pre-
vious results for Aspergillus nidulans [1] and similar to
results obtained for D. hansenii [24] and S. cerevisiae [25]
in batch culture. Furthermore, high osmotic pressure
resulted in increased levels of Pdi1p and Kar2p, indicat-
ing Endoplasmic Reticulum related protein folding stress.
Unlike S. cerevisiae, UPR induction has been reported to
be a main event upon exposure to salt stress in the halot-
olerant yeast Rhodotorula mucilaginosa [9]. Generally,
the induction of the UPR may not only be a result of high
concentrations of ionic solutes such as salts but the
response to unfolded proteins is also triggered by high
osmotic pressure induced by other substances such as
sugar compounds. It has been reported for mammalian
cells that low as well as high hexose concentrations can
lead to UPR induction [48,49]. The UPR has been
described to be mainly a transcriptional response, but
recently post-transcriptional and post-translational regu-
lation has been described for fungal organisms [37,38]. In
this context, mRNA levels of the UPR transcription factor
HAC1 are increased in the Fab expressing strain as a reac-
tion to recombinant protein production. On the other
hand, GSA of the microarray data also showed induction
of "responses to unfolded protein" at high osmolarity in
the wt strain. These results are supported by the effects
observed at the proteome level. A conventional induction
of the UPR by increased HAC1 levels was not observed at
increased osmolarity in neither of the strains. However,
increased osmolarity resulted in increased Kar2p and
Pdi1p on the proteome level in the wt strain. As this
clearly demonstrated ER associated protein folding stress
we refer to a UPR-like response of P. pastoris wild type
cells at high osmolarity. Although a direct comparison
between the wt and recombinant protein producing
strain was not possible on the proteome level, this com-

parison was possible on the transcript level and strongly
indicated the upregulation of processes involved in
response to unfolded protein in the recombinant Fab pro-
ducing strain. Thus, we hypothesize that the up-regula-
tion of these ER resident proteins as well as other
chaperones was obviously not necessary in a Fab 3H6
producing strain at high osmolarity, as these changes had
already been triggered by the UPR that was induced by
the recombinant protein.

Additionally to this UPR-like response, the induction of
ribosome biogenesis and translation were apparent on
the transcript level in the wt strain. The up-regulation of
genes involved in protein synthesis during osmotic stress
has been reported for the salt-tolerant yeasts H. werneckii
and D. hansenii [30,50]. Furthermore, studies on brewing
strains of S. cerevisiae concluded that the faster adaption
to higher salt concentration compared to a laboratory
strain was achieved by higher expression levels of genes
involved in protein synthesis [51]. Similar to other envi-
ronmental factors, such as temperature [52], translation
might become a rate-limiting factor during growth at
high osmolarities because of stress related to decreased
intracellular water availability. Boosting the protein syn-
thesis machinery might be necessary for growth of P. pas-
toris at elevated osmolarity. The Fab 3H6 expressing
strain of P. pastoris did not show this increase of the pro-
tein synthesis machinery. We have shown previously that
over-expression of the transcription factor HAC1 in P.
pastoris batch cultures resulted in increased expression
of genes involved in mRNA translation and to a massive
increase of genes involved in ribosome biogenesis and
assembly [53]. Obviously the up-regulation of ribosome
biogenesis, translation and other co-regulated processes
at high osmolarity was not necessary in the Fab 3H6 pro-
ducing strain as these changes had already been induced
by recombinant protein production itself.

This UPR-like response at high osmolarity also points
to the fact that, similar to halotolerant yeast species like
R. mucilaginosa, P. pastoris might use different mecha-
nisms for gaining osmotic stress resistance than S. cerevi-
siae. This hypothesis was supported by the growth tests
for salt tolerance, which were performed with P. pastoris
and S. cerevisiae. P. pastoris showed indeed higher resis-
tance to increased salt concentrations in the growth
medium than S. cerevisiae (Figure 4). Many changes
observed in the wt upon a change from low to high osmo-
larity were not observed in the recombinant protein
expressing strain. Although high osmolarity triggered the
response to unfolded protein, ribosome biogenesis and
translation in the wt strain, the activation of these appar-
ently co-regulated processes was compensated in the Fab
3H6 strain by recombinant protein induced UPR.
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Other cellular responses
Increased osmolarity also influenced other cellular mech-
anisms, such as some parts of the oxidative damage
response, which apparently were not co-regulated with
the protein synthesis and folding machinery. Therefore,
these processes which seem to be an essential part of the
response to increased osmolarity were monitored in both
strains of P. pastoris. The interrelation of salt and oxida-
tive stress is already established in plants [54] and the
interrelation and cross-talk of the HOG pathway and
other pathways such as protein kinase C (PKC) and cal-
cineurin dependent signaling are also established in
yeasts [2,55,56]. Changes in cell wall integrity signaling,
which were evident by altered expression levels of cell
wall components in both strains, may be directly related
to the changes of the CNA1 and PMC1 transcripts, as
some of these cell wall synthesis related genes are depen-
dent on calcineurin signaling [56]. For example,
decreased transcript levels of CRH1 and GAS1 at high
osmolarity may indicate a change of cell wall rigidity at
high osmolarity. High osmolarity results in decreased
turgor pressure when compared with low or hypo-
osmotic conditions. Thus, increased osmolarity results in
cell shrinkage and smaller cells, which in fact was obvious
by a decreased mean forward scatter of the cells in the
present study (Table 1). In this context the down-regula-
tion of cell wall components, which would result in lower
cell wall rigidity, at high osmolarity makes sense. It has
been shown in Aspergillus nidulans that salt addition to
the growth medium resulted in decreased cell wall rigid-
ity [57]. A further indication that high osmolarity is com-
patible with lower cell wall rigidity is the fact that the
swollen cellular phenotype of Gas1 mutant cells, a gene
which is also downregulated at high osmolarity in the
current study, in S. cerevisiae is compensated by growth
at high osmolarity [58]. Although this effect was very evi-
dent on the transcript level we were not able to monitor it
on the proteome level. This may be simply due to the
preparation of protein samples and the resulting absence
of cell wall and membrane proteins, which are rather dif-
ficult to extract by standard protein preparation methods.

Additionally to these events, the induction of iron
transporters at high osmolarity also occurred in both
strains. A proteomic study of Bacillus subtilis recently
highlighted that salt stress had an impact on iron homeo-
stasis [59]. As already concluded for B. subtilis, also in P.
pastoris the induction of iron uptake mechanisms might
be of importance for growth in natural environments,
where iron availability is generally scarce and may
become even more limiting during growth implying high
osmotic stress.

Conclusion
Although the central ESR pathways are well conserved
among fungi, the up- and downstream elements can be
significantly different among species to satisfy niche-spe-
cific requirements [60]. Most notably, the presented data
demonstrate a very high similarity and/or cross-talk of
the stress induced by recombinant protein production
and the reaction to elevated osmolarity in P. pastoris.
Growth at high osmolarity resulted in the induction of
the response to unfolded proteins. Additionally ribosome
biogenesis and translation processes were upregulated,
whereas genes involved in cell wall synthesis were down-
regulated at high osmolarity. Osmotic stress is a common
condition for biotechnological production processes, due
to high nutrient concentrations. In this light it is interest-
ing to observe that P. pastoris is more osmo-tolerant than
S. cerevisiae, and employs another main osmolyte, namely
arabitol instead of glycerol, to compensate for osmotic
stress.

The recombinant Fab 3H6 secreting P. pastoris strain
was less prone to osmotic induced stress. Distinct differ-
ences, especially in the central carbon metabolism and
processes linked to the UPR existed between the wt and
the 3H6 Fab producing strain, which can be at least par-
tially explained as response to unfolded protein is signifi-
cantly induced in the Fab producing strain even at low
osmolarity. Although in the current study elevated osmo-
larity did not result in increased productivity of recombi-
nant Fab 3H6, the obtained data might be useful to
explain the results of other research groups. It has been
reported previously that osmotic stress applied prior to
induction of protein secretion resulted in higher levels of
scFv antibody in P. pastoris in batch culture [13]. Because
osmotic stress obviously results in a UPR-like response in
P. pastoris, it seems plausible that cells may be precondi-
tioned for recombinant protein production as folding
competence of the host cells may be increased compared
to untreated cells. In this respect, the data obtained in the
present study might be exploited not only for improved
bioprocesses, but also for novel routes of strain engineer-
ing.

According to the data presented in this study, post-
translational control mechanisms play an essential role in
P. pastoris, especially during chemostat cultivation. Other
proteomic methods such as the analysis of the phosphop-
roteome [61] might be very useful to gain detailed insight
into these yet non-established mechanisms. However, the
current data represent a first step towards a systems wide
approach to assess the response to environmental
stresses, as well as their overlap with recombinant protein
induced stress, in P. pastoris.
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Methods
Materials
All chemicals for yeast cultivations were molecular biol-
ogy grade and were purchased from Roth, Germany. All
chemical reagents for two-dimensional gel electrophore-
sis were high purity grade and were purchased from
Sigma, unless stated otherwise.

Yeast Strains
Two strains, which have been described recently [26],
have been used in this study. For secreting the Fab 3H6,
both the light and the heavy chain of the Fab fragment
were expressed under the control of the constitutive
GAP-promoter using the pGAPZαA vector. Secretion
was mediated by the S. cerevisiae α-mating factor secre-
tion signal. For the non-expressing strain, P. pastoris X-33
was transformed with an empty pGAPZαA vector as
described by Gasser and co-workers [62].

Chemostat cultivation
For chemostat cultivations a 3.5 L bench-top bioreactor
(MBR, Switzerland) was used at a working volume of 1.5
L. A 1000 mL shake flask containing 150 mL YPG
medium (2% (w/v) peptone, 1% (w/v) yeast extract, 1%
(w/v) glycerol) was inoculated with 1 mL cryostock of the
respective P. pastoris clones. The cultures were grown for
approximately 24 h at 28°C and shaking at 170 rpm,
before they were used to inoculate the bioreactor to an
optical density (OD600) of 1.0. After a batch phase of
approximately 24 hours the continuous culture was
started at a dilution rate of D = 0.1 h-1 (growth medium
flow rate of 150 g h-1). pH was controlled at 5.0 with 25%
ammonium hydroxide (w/w). Gas flow rate was kept con-
stant at 1.5 vvm (volume gas per volume medium and
minute) and dissolved oxygen was kept at 20% by control-
ling the stirrer speed. Three chemostat media, with dif-
ferent osmolarities, were used.

Batch medium contained per liter: 39.9 g glycerol, 1.8 g
citric acid, 12.6 g (NH4)2HPO4, 0.022 g CaCl2·2H2O, 0.9 g
KCl, 0.5 g MgSO4·7H2O, 2 mL Biotin (0.2 g L-1), 4.6 mL
trace salts stock solution. The pH was set to 5.0 with 25%
(w/w) HCl. Osmolarity of the growth medium was con-
trolled by KCl concentration. Chemostat medium con-
tained per liter: 50 g glucose ·1H2O, 0.9 g citric acid, 4.35
g (NH4)2HPO4, 0.01 g CaCl2·2H2O, 1.7 (low) or 29.9
(medium) or 48.5 (high) g KCl, 0.65 gMgSO4 7H2O, 1 mL
Biotin (0.2 g L-1), and 1.6 mL trace salts stock solution.
The pH was set to 5.0 with 25% (w/w) HCl. Trace salts
stock solution contained per liter: 6.0 g CuSO4·5H2O,
0.08 g NaI, 3.0 g MnSO4·H2O, 0.2 g Na2MoO4·2H2O, 0.02
g H3BO3, 0.5 g CoCl2, 20.0 g ZnCl2, 5.0 g FeSO4·7H2O,
and 5.0 mL H2SO4 (95-98% w/w).

Three chemostat cultivations were performed for each
strain, whereas the osmolarity regime was different for
each cultivation to avoid adaptive evolution effects and
sample bias due to long term cultivation [63]. Samples
were taken at steady state after 8 residence times after a
switch of culture medium. Biomass was determined by
drying duplicates of 10 mL chemostat culture to constant
weight at 105°C in pre-weight beakers. Samples for 2D-
DIGE and DNA microarray analysis were taken from the
chemostat and immediately frozen at -80°C until use,
whereat the samples for transcript analysis were fixed
with 5% (v/v) phenol/ethanol prior to freezing. Viability
of cells was determined immediately after samples were
taken from the chemostat on a FACSCalibur flow cytom-
eter (BD Biosciences) and a cell viability kit (BD Biosci-
ences) as described previously [64].

Determination of culture supernatant osmolarity
To determine the actual osmolarity of the supernatant,
supernatant samples were analyzed on a Semi-Microos-
mometer K-7400 (Knaur).

Analysis of intracellular polyols and trehalose
To quantify intracellular levels of glycerol, arabitol, man-
nitol, erythritol and trehalose, heat extraction was per-
formed as described by Philips and co-workers [65]. Cell
pellets were resuspended in 0.5 M TrisCl pH 7.5, heated
to 95°C for 10 min and centrifuged for 10 min to remove
cell debris. Supernatants were kept for analysis via HPLC.
Isocratic conditions, using 4 mM H2SO4 as solvent and a
flow rate of 0.6 mL min-1 on a Aminex HPX-87H column
(Biorad) at 40°C and a Biologic DuoFlow (Biorad) com-
bined with a Smartline RI Detector 2300 (Knauer) were
applied to separate and analyze substances (Additional
file 1). Concentrations were determined by external stan-
dard solutions. Solute concentrations were correlated
with biomass.

2D Fluorescence Difference in Gel Electrophoresis (2D-
DIGE) and protein identification
2D-DIGE and protein identification were essentially per-
formed as described previously [26]. After adequate sam-
ple preparation, cleaning, quantification and Cy-dye
labeling, proteins were separated on IPG DryStrips pH 3-
11NL (GE Healthcare) on an IPGphor for a total of 65
kVh. 2nd dimension separation was performed by SDS
polyacrylamide gel electrophoresis on 12% polyacrylam-
ide gels. Fluorescence gel images were taken at a resolu-
tion of 100 μm on a Typhoon 9400 Fluorescence scanner.
The DeCyder Software package v.5 (GE Healthcare) was
used to analyze the obtained gel images. Significantly reg-
ulated protein spots (fold-change ≥ 1.5, 1-way ANOVA ≤
0.05 in at least one comparison of cultivation conditions
and present on at least 80% of the spot maps) were picked
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from Coomassie stained gels and after a tryptic digest
subjected to reversed phase capillary chromatography
(BioBasic C18, 5 μ, 100 × 0.18 mm, Thermo) and ESI-MS/
MS on a quadrupole time-of-flight (Q-TOF) Ultima
Global (Waters Micromass) mass spectrometer. Mass
spectra were analyzed either by using the Protein Lynx
Global Server 2.1 software (Waters) or X!Tandem http://
www.thegpm.org/tandem/. Only proteins identified by at
least 2 peptides were considered to represent confident
hits, except for Pdi1, which was verified by Western blot-
ting [26].

DNA microarray analysis
DNA microarray analysis was performed using P. pastoris
specific microarrays (Agilent) as described by Graf and
co-workers [53]. RNA was extracted from ethanol/phenol
fixed cell samples. Reverse transcription and synthesis of
Cy3/5 labeled cRNA was done using the Low RNA Input
Two-Color Amplification Kit (Agilent). cRNAs were
purified via RNeasy Mini spin colums (Qiagen). Quality
of total RNA and labeled cRNA was confirmed on an Agi-
lent Bioanalyzer 2100 and the RNA Nano 6000 Assay Kit
(Agilent). RNA concentrations were determined on a
ND-1000 (Nanodrop). After hybridization at 65°C for 17
h, slides were scanned on an Agilent MicroArray scanner
and raw data were extracted using Feature Extraction
v.9.1 (Agilent). Normalization steps and statistical analy-
sis of microarray data, including Hierarchical cluster
analysis, Fisher's exact test and Gene Set Analysis (GSA),
were done using the R software package http://www.r-
project.org. For identifying differentially expressed genes,
the False Discovery Rate was controlled strongly less than
5% (q < 0.05) using a Benjamini-Yekutieli correction for
multiple testing. For Fisher's exact test and GSA, 63 gene
ontology terms were considered. This list of terms was
compiled based on the GOslim annotation of the Saccha-
romyces genome database http://www.yeastgenome.org,
where some of the larger categories were resolved at a
finer gene ontology level. A threshold of p ≤ 0.05 was cho-
sen to be appropriate to identify significantly regulated
GO categories. Microarray data are available in the
ArrayExpress database http://www.ebi.ac.uk/arrayex-
press under the accession number E-MEXP-2433.

Real-Time PCR
To support microarray data, Real-time PCR was per-
formed. Total RNA was reverse-transcribed using a
Superscript III cDNA synthesis kit (Invitrogen). Quantity
of cDNA was determined on a ND-1000 (Nanodrop).
Real time PCR was performed using the SensiMix Plus
PCR premix (GenXpress) on a Rotorgene 6000 (Corbett
Life Sciences). The following target genes were selected
for Real-time PCR analysis: ACT1, AOX1, DGA1, GLG1,
SIT1, PDI1, HAC1, 3H6 Fab HC and 3H6 Fab LC (Addi-

tional file 4). Data were analyzed via the Rotorgene Soft-
ware package and Microsoft Excel. ACT1 was chosen as
reference to determine relative mRNA levels of the other
genes.

Growth tests on different salt concentrations
P. pastoris X-33 and S. cerevisiae HA232 http://www.bio-
tec.boku.ac.at/acbr.html were grown in YPD medium (2%
(w/v) peptone, 1% (w/v) yeast extract, 2% (w/v) glucose)
at 28°C on a shaker at 170 rpm over night. Cultures were
diluted to an OD of 0.1 in sterile PBS and 1:10 serially
diluted in sterile PBS. 3 μL were spotted onto YPD agar
plates (2% (w/v) peptone, 1% (w/v) yeast extract, 1% (w/v)
agar, 2% (w/v) glucose) containing 0, 0.6, 1.2, 1.4 and 1.6
M NaCl or KCl. Plates were incubated at 28°C for 4 to 6
days.

3H6 Fab quantification
To analyze the 3H6 Fab produced during chemostat culti-
vation, a sandwich ELISA was performed as described in
previous studies [62].
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Tables contain protein master numbers, short protein names, protein 
descriptions, fold-changes and corresponding one-way ANOVA values as 
described for Table 2.
Additional file 4 Real-time PCR results of P. pastoris grown at different 
osmolarities. contains detailed data on real-time PCR. Primers sequences, 
PCR conditions as well as result diagrams are included.
Additional file 5 Quality of microarray experiments and statistical 
test for osmolarity experiments. contains supplemental data on microar-
ray analysis: Signal intensity plots, correlation of intensities, standard devia-
tions and variations of the microarray experiment. Additionally, results of 
Hierarchical Cluster Analysis (HCA), Gene Set Analysis (GSA) and Fisher's 
exact test for the different osmolarities are included.
Additional file 6 Microarray results of interesting genes. contains gene 
expression results of interesting genes, which are described and discussed 
in the manuscript.

Additional file 7 Differences between the non-expressing wt strain 
and the Fab 3H6 expressing strain of P. pastoris at low osmolarity at 
the transcript level. contains microarray data on the gene expression dif-
ferences between the two strains. Spreadsheet 1 contains microarray data 
for differentially regulated genes (p-value ≤ 0.001). Spreadsheet 2 contains 
results of gene set analysis (GSA).
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Abstract  32 

Background 33 

The yeast Pichia pastoris is a powerful protein production system and is becoming 34 

increasingly attractive for basic research and white biotechnology as well. While 35 

many recombinant proteins have already been successfully produced in this host, 36 

understanding the mechanisms leading to efficient production of complex proteins 37 

still remains a major challenge for researchers. A number of studies have 38 

demonstrated that correct protein folding and secretion are highly interrelated with 39 

environmental stresses, in particular with oxygen availability. While adaptive 40 

responses to such stresses are extensively studied in yeast, little is known about their 41 

impact on heterologous protein production.  42 

We could recently show a significant increase in the specific productivity of an 43 

antibody Fab fragment produced in P. pastoris chemostat cultivations when shifting 44 

from respiratory to hypoxic growth conditions. As a consequence, a systems biology 45 

approach was used to comprehensively identify cellular responses that lead to 46 

increased product formation at low oxygen concentration. Gene expression profiling 47 

was combined with differential proteome data, and the experimental determination of 48 

steady-state fluxes in the central carbon metabolism. 49 
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Results 50 

There was a positive correlation between all three levels of analysis in the central 51 

carbon metabolism, showing a considerable increase of the glycolytic activity, a lower 52 

contribution of the pentose phosphate pathway to glucose catabolism, and a reduced 53 

TCA cycle activity under hypoxic conditions. Transcriptome data further 54 

demonstrated important changes in lipid metabolism and membrane biogenesis, as 55 

well as a significantly different expression pattern of genes involved in protein folding 56 

and trafficking, stress response and transporter systems. In general, our analyses 57 

indicate a strong oxygen-dependent expression pattern rather than a protein-58 

production related pattern.  59 

Conclusions 60 

This systems approach helps to understand the cellular mechanisms that lead to 61 

increased product formation at low oxygen and might reveal hitherto unidentified key 62 

factors or major pacemakers of efficient protein production. In this context, strain 63 

engineering studies based on the generated knowledge are under way.   64 

Background  65 

Over the last two decades significant progress has been made in heterologous protein 66 

production, particularly due to the initiation of the genomics era. The acquisition of 67 

profound knowledge and entire genome sequences of a number of expression 68 

platforms has lead to considerable success for the production of many pharmaceutical 69 

proteins or industrial enzymes [1-3]. Nevertheless, understanding the mechanisms 70 

governing efficient production of very complex proteins as functional entities still 71 

remains a major challenge.   72 

Over the past recent years, it has been demonstrated that correct protein folding and 73 

secretion are highly interrelated with environmental stress factors [4]. While adaptive 74 

responses to such stresses have been studied in the model yeast Saccharomyces 75 
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cerevisiae [5, 6] little is known about their influence on heterologous protein 76 

production. Recently, Dragosits and co-workers [7] described the impact of 77 

temperature on the proteome of recombinant Pichia pastoris in a chemostat-based 78 

study. Their data indicated that a decreased folding stress at lower cultivation 79 

temperatures (20ºC) considerably favoured heterologous Fab antibody production. 80 

Some other studies described a similar effect of temperature on the yield of 81 

recombinant proteins in other hosts [8, 9], but without much information on the 82 

underlying physiological reaction of cells, particularly in context of heterologous 83 

protein production. Even less is known about the impact of oxygen availability. 84 

Oxygen transfer is often described as an important issue in high cell density 85 

fermentations. While affecting growth and protein production, oxygen also influences 86 

cellular redox reactions, and these are interlinked with protein folding reactions within 87 

the cell. Moreover, protein folding related oxidative stress has been described [10-12].  88 

Paradoxically, we have demonstrated recently that hypoxic conditions in chemostat as 89 

well as fed batch cultures significantly increased the specific productivity of 90 

recombinant P. pastoris [13]. This yeast expression system has become increasingly 91 

popular as it represents a valuable and cost-effective tool for protein engineering 92 

studies with potential of performing many of the posttranslational modifications 93 

typically associated with higher eukaryotes (reviewed in [14]). However, it is not 94 

straightforward to predict whether this “hypoxic effect” would be also observed in 95 

other expression systems like S. cerevisiae. Yeasts do not perform in an identical way, 96 

but differ in productivity and with regard to their capacity to secrete, to process and to 97 

modify proteins in particular cases. As a consequence, it is important to systematically 98 

identify the complex mechanisms ruling efficient protein production, and integrated 99 

‘omics’ studies are a valuable tool for the study of biological processes. An 100 
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appropriate cultivation system that allows for strictly controlled environmental 101 

conditions while changing one single parameter, like it is the case for chemostat 102 

cultivations, provides an excellent basis for such a systems biology approach. Of 103 

particular importance is the maintenance of a constant specific growth rate in order to 104 

avoid growth rate related effects in the data [15]. 105 

In the present study, an integrative multilevel analysis of cellular processes involved 106 

in the expression of an antibody Fab fragment in P. pastoris has been performed in 107 

carbon chemostat cultivations with a fixed growth rate at different oxygenation rates. 108 

This study is aimed to understand further the global mechanisms connecting protein 109 

production to environmental conditions, in particular those that lead to increased 110 

product formation under hypoxia, as reported previously [13]. Despite the availability 111 

of the strong inducible alcohol oxidase promoter (AOX) that is mostly used in this 112 

methylotrophic yeast, we opted for a constitutive expression with the glycolytic 113 

glyceraldehyde-3-phosphate dehydrogenase promoter (GAP). It does not only 114 

facilitate easier handling of a continuous cultivation, but also benefits the viability, 115 

and the reduction of protease release, heat production and oxygen demand [16]. 116 

Although transcriptional profiling, proteomics and metabolic flux analysis of our 117 

samples indicated potential bottlenecks for heterologous protein production, more 118 

detailed analysis will be necessary to determine whether host cell physiology can be 119 

improved based on these data.  120 

Results and Discussion 121 

In order to study the global adaptive response of recombinant Pichia pastoris to 122 

oxygen availability, we integrated transcriptome, proteome and metabolic flux data of 123 

cells grown in steady state cultures under normoxic, oxygen limited and hypoxic 124 

conditions. Special emphasis was given to the comparison between fully aerobic 125 
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(normoxic) and hypoxic conditions, given that this shift contributed to increased 126 

recombinant product secretion [13].  127 

Global transcriptional response of recombinant Pichia pastoris to hypoxia 128 
The global transcriptional profile of P. pastoris grown in different conditions of 129 

oxygen availability was studied with samples from three individual chemostat 130 

cultivations each.  At a first glance, the microarray statistics (see Table 1) of the 131 

approximately 3900 annotated sequences for P. pastoris displayed more than 600 132 

genes, independent of the strain, that were differently regulated (adjusted p-value ≤ 133 

0.05) when comparing normoxic and hypoxic conditions. A fold-change (FC) 134 

threshold was not included in this statistics given that also small changes in the gene 135 

expression were considered to be crucial for a global view (e.g., for GO term 136 

clustering).  137 

As illustrated in the Venn diagrams (Figure 1), only around fifty percent of these 138 

genes were identically regulated in both the Fab expression and the control strain, 139 

indicating a different behaviour under hypoxic conditions. A direct comparison of the 140 

gene regulation pattern between expressing and control strain at the lowest oxygen 141 

concentration (8 %), in contrast, revealed only six genes (see Table 2) to be 142 

differently expressed (adjusted p-value ≤ 0.05). For all of these six genes the FC was 143 

also greater than 1.5. Four of them showed higher transcript levels in the Fab 144 

producing strain, specifically, genes involved in a non-classical protein export 145 

pathway (NCE103), glycolysis (PFK3), the ergosterol pathway (ERG25) and in 146 

multidrug transport (AQR1). On the other hand, a high-affinity cysteine-specific 147 

transporter (YCT1) and a plasma membrane transporter of the major facilitator super 148 

family (FLR1) were significantly down regulated in the producing strain. In general, 149 

these data point at a major impact of oxygen rather than a consequence of 150 

heterologous protein production on the global transcriptional response of P. pastoris.   151 
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To gain an overview of the functional processes that are significantly correlated with a 152 

change in oxygen availability, we assigned all regulated genes that passed the p-value 153 

threshold to their respective GO functional group(s) (Gene Ontology GO based on 154 

Saccharomyces Genome Database SGD). The percentage distribution of the genes in 155 

each category is shown in Figure 2A and 2B. The most prominent biological 156 

processes that were exclusively induced under hypoxic conditions are chemical 157 

stimulus, cell wall biogenesis, heterocycle metabolism, protein folding and cellular 158 

aromatic compounds. The regulated genes in the GO groups cofactor- and 159 

carbohydrate metabolic process, lipid metabolic process and vitamin metabolic 160 

process showed very similar profiles of up and downregulation at the same time. On 161 

the other hand, hypoxia decreased the activity of genes involved in conjugation, 162 

sporulation and pseudohyphal growth. 163 

The global tendencies of regulated biological processes overlap quite concordantly in 164 

both strains, with some exceptions: interestingly, the number of upregulated genes in 165 

the GO groups RNA metabolism, protein catabolism, ribosome biogenesis, 166 

transcription and DNA metabolism were much higher in the control strain. In contrast, 167 

processes like cellular respiration, carbohydrate metabolism, cellular homeostasis 168 

and amino acid metabolism, showed a higher abundance of downregulated genes in 169 

the control strain. On the other hand, four GO categories appeared to have a greater 170 

enrichment of downregulated genes in the producing strain, namely cell cycle, 171 

meiosis, cytoskeleton biogenesis and nuclear biogenesis.  172 

It has to be emphasized that these results were obtained excluding the fold change 173 

threshold to provide a more informative transcriptional profile. Thereafter, two 174 

selected GO groups were analyzed in more detail in such a way that all the genes that 175 
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were significantly up- or downregulated under hypoxia by at least 1.5-fold were 176 

categorized according to their functions (as discussed below). The selection of these 177 

groups was either based on major differences between oxygen supply conditions or on 178 

the potential impact on protein production, as some of them appeared to be generally 179 

stronger regulated in the Fab producing strain.  180 

The profiles of the Fab mRNA were confirmed by quantitative real-time PCR (see 181 

Table 4). Both of the encoding genes for the light chain (Fab Lc) and the heavy chain 182 

(Fab Hc) demonstrated higher transcripts under hypoxic conditions, which positively 183 

correlates with an increase in the specific Fab titre. The increased expression level of 184 

Fab under control of the TDH3 promoter was coherent with a transcriptional 185 

upregulation of glycolytic genes (and, particularly, of TDH3), as discussed later in the 186 

text.  187 

Proteome data of hypoxically grown Pichia pastoris 188 
In parallel to the microarray experiments, we employed 2D-DIGE gels to measure the 189 

relative protein abundance changes at different levels of oxygen availability. To 190 

assure accuracy of the measurements and unbiased data, we labelled the protein 191 

extracts with both Cy3 and Cy5 fluorescent dyes and assigned the samples randomly 192 

to the protein gels according to the scheme in Additional file 1. We detected 85 spots 193 

with a significantly (1-way ANOVA p-value ≤ 0.05) different abundance pattern 194 

comparing the expression under normoxic and hypoxic conditions, and a smaller 195 

number of spots when comparing the proximate oxygen set points with each other 196 

(normoxic vs. oxygen limited, oxygen limited vs. hypoxic). A total of 45 spots could 197 

be excised from Coomassie Brilliant Blue stained protein gels and identified by LC-198 

ESI-QTOF Tandem MS (see Additional file 2 for a representative 2D gel image and 199 

Additional file 3 for the list of identified protein spots). Some proteins showed more 200 
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than one spot on the 2D gels indicating the existence of isoforms which probably 201 

derive from posttranslational modification (PTM) events such as phosphorylation, 202 

glycosylation or limited proteolysis (see, for example [17]). In order to obtain a 203 

simplified structure of the behaviour of all identified proteins under different 204 

conditions of oxygen availability, we subjected the relative protein abundances (see 205 

Materials and Methods) to principal component analysis (PCA) and heat map 206 

clustering. PCA projection demonstrates that the maximum variability in the dataset 207 

occurs between oxygen set points 21 % and 8 % (see Figure 3A) with the first 208 

component covering 65.8 % of the data variance. This result is also reflected in the 209 

heat map, where two major clusters separating the protein abundance profile at normal 210 

oxygen levels from that at limiting and hypoxic levels can be observed (see Figure 211 

3B). All the identified proteins exhibited a similar expression profile when comparing 212 

the Fab producing strain and the non producing control strain.  213 

Most of the proteins with a high abundance at low oxygen are involved in glycolysis, 214 

amino acid metabolism and general stress response. Identified proteins with a low 215 

expression in hypoxic conditions mostly belong to the functional processes TCA 216 

cycle, vitamin metabolism and oxidative stress response.  217 

When oxygen is scarce, cells have to re-adjust their metabolic fluxes to meet energy 218 

demands. They are no longer able to produce ATP through oxidative phosphorylation 219 

or from other reactions like fatty acid oxidation and hence boost glycolysis to 220 

maintain the energy balance. The glycolytic enzymes Pgi1p, Fba1p, Tdh3p, Gpm1p, 221 

Eno1p and Cdc19p were identified to be strongly induced, while TCA cycle proteins 222 

Aco1p, Fum1p and Mdh1p show very low abundance in hypoxic conditions, pointing 223 

at a redirection of the central carbon metabolism towards fermentation. These results 224 

were expected and are consistent with previously obtained data on yeast physiology 225 
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under oxygen deprivation, where glycolytic activity in anaerobically grown S. 226 

cerevisiae was shown to be higher than in aerobiosis on the proteome level [18, 19]. 227 

These studies, however, revealed a weak correlation between transcriptome and 228 

proteome data of this key cellular process in S. cerevisiae, which is in strong contrast 229 

to our results where the transcript levels (see also transcriptome data) indeed correlate 230 

with the proteome profile and in vivo fluxes of the central carbon metabolism, as 231 

discussed below.  232 

Along with an adaptation towards a fermentative metabolism cells have to remove 233 

excess redox equivalents that accumulate during biomass synthesis and excretion of 234 

oxidized metabolites [20]. Anaerobically grown S. cerevisiae produces glycerol in 235 

order to reoxidize accumulated NADH during amino acid biosynthesis [21]. In 236 

contrast, we have recently described that hypoxically growing P. pastoris cells secrete 237 

arabitol, a 5-carbon sugar alcohol, but not glycerol [22]. Arabitol (and glycerol) 238 

accumulation has been previously observed in Pichia anomala cultures during growth 239 

in high-salt environments and on highly concentrated sugar substrates [23, 24]. 240 

Dragosits and co-workers recently demonstrated intracellular arabitol accumulation in 241 

P. pastoris chemostat cultivations grown under conditions of high osmolarity [25]. In 242 

fact, it has been suggested that arabitol has the same physiological role as glycerol in 243 

the protection to osmotic stress [26]. Similarly, arabitol might also be involved in 244 

maintaining the redox balance during fermentative growth. 245 

There is no identified protein in our data clearly assigned to arabitol biosynthesis. D-246 

arabitol 2-dehydrogenase, the only protein that is described to form arabitol from 247 

ribulose in P. pastoris, could not be detected in our protein gels.  However, we 248 

speculate that Ydl124wp, identified as a putative NADPH-dependent alpha-keto 249 
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amide reductase and described to have similarity with Gre3p, the major aldose 250 

reductase in S. cerevisiae [27, 28], may be involved in the formation of the 5-carbon 251 

sugar alcohol. Since D-ribulose and D-xylulose from the pentose pathway are the 252 

main precursors for the formation of arabitol in many fungi [29, 30] it may be 253 

assumed that Ydl124w is involved in these reductive activities.  254 

Gut2p, a mitochondrial enzyme that is associated with redox balance maintenance via 255 

the glycerophosphate shuttle under aerobic conditions, showed decreased abundance 256 

under hypoxia, as it is not needed under this condition to transfer reducing equivalents 257 

to the respiratory chain. The same result was obtained for Gut1p, which together with 258 

Gut2p is responsible for glycerol degradation. Fdh1p, a NAD
+
-dependent formate 259 

dehydrogenase, is also downregulated when oxygen is scarce. Singh and co-workers 260 

described a possible relation between pyruvate break-down and the production of 261 

formate [31]. Since the pyruvate pathway is directed towards ethanol formation under 262 

hypoxic conditions, the synthesis of formate might be reduced and could explain the 263 

lower abundance of formate dehydrogenase.  264 

Although the methanol pathway is tightly repressed under growth on glucose, the 265 

basic level of Aox1p was strictly downregulated under hypoxic conditions as has been 266 

shown previously in glucose limited conditions [7, 25]. A plausible explanation for 267 

the low abundance of Aox1p is the higher glycolytic activity under low oxygen 268 

conditions and the repressive effect of glucose on AOX1 transcription. This effect 269 

could also be responsible for the weak expression of the proteins Ald4p, a 270 

mitochondrial aldehyde dehydrogenase, and Acs1p, an acetyl-CoA-synthetase.  271 

Rpn10p is a regulatory particle of the proteasome and involved in the degradation of 272 

ubiquitinated proteins. It was also shown to have low abundance under hypoxic 273 

conditions. The same trend was demonstrated for 3 stress-related proteins: Ccp1p and 274 



 - 12 - 

Prx1p are involved in oxidative stress responses, while Ypr127wp is an 275 

uncharacterized protein that shows similarity to the Schizosaccharomyces pombe 276 

pyridoxal reductase [32].  277 

Other stress-associated proteins were identified to be induced upon a shift to hypoxic 278 

conditions as it was the case for Pil1p, Tsa1p and Ssa4p. While Pil1p is a component 279 

of the eisosomes that mark endocytic sites in the plasma membrane, Tsa1p and Ssa4p 280 

are molecular chaperones. It is worth mentioning that Tsa1p has dual activities [33]. It 281 

acts either as ribosome-associated or as free cytoplasmic antioxidant and only self-282 

associates to form a high-molecular weight chaperone complex under oxidative stress. 283 

In Candida albicans it was further demonstrated that the cell membrane was highly 284 

altered in a tsa1 deletion strain [34]. Another interesting protein with a high 285 

abundance at low oxygen conditions was Sam2p, an S-adenosylmethionine synthetase 286 

with a broad range of biological functions. Besides its role in the methylation of 287 

proteins and lipids, S-adenosylmethionine (AdoMet) is also involved in the synthesis 288 

of polyamines and biotin. It was further attributed a role in the synthesis of 289 

phospholipids [35], which is also the case for Ino1p, an Inositol 1-phosphate synthase. 290 

Pdx3p (sterol uptake regulation), Thi13p (pyrimidine synthesis), Cys4p (cysteine 291 

biosynthesis) and the key enzyme in actively fermenting yeast cells, Pdc1p, were also 292 

induced by hypoxia. The abundances of the elongation factor 2, which is encoded by 293 

EFT2 and catalyzing ribosomal translocation during protein synthesis, also increased 294 

significantly in low oxygen concentrations.  295 

Impact of oxygen availability on particular cellular processes: Central carbon 296 
metabolism 297 
The macroscopic growth parameters for both control and Fab-producing P. pastoris 298 

strains growing under oxygen excess, oxygen-limiting and hypoxic conditions have been 299 

recently reported elsewhere [13, 22].  As discussed above, the impact of reduced oxygen 300 
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supply on the core metabolism was readily observed, both in the biomass yields and the 301 

profile of secreted by-products such as ethanol and arabitol, reflecting the adaptation 302 

from a respiratory to a respiro-fermentative metabolism. Since all cultivations were 303 

carbon-limited (residual glucose concentration in the reactor under detecting 304 

concentrations), the decrease in the biomass yield decreased under oxygen limiting and 305 

hypoxic conditions resulted in an increase of specific glucose uptake rates under such 306 

conditions.  307 

Biosynthetically directed fractional (BDF) 
13

C-labeling of proteinogenic amino acids 308 

combined with 2D-NMR enabled the analysis of metabolic flux ratios (METAFoR 309 

analysis). The metabolic flux ratios were calculated using the relative abundances (f-310 

values) of intact carbon fragments arising from a single source molecule of glucose 311 

(Additional file 5). The calculated flux ratios are shown in Table 3. As expected, the f-312 

values obtained for this series of cultivations confirm that the proteinogenic amino acids 313 

are primarily synthesized in P. pastoris according to the pathways documented for S. 314 

cerevisiae, as previously reported [36]. 315 

In 
13

C-based metabolic flux analyses (
13

C-MFA), the metabolic flux ratios determined by 316 

METAFoR were used as additional constraints for the stoichiometric equation system to 317 

be able to solve the metabolic flux distribution without including cofactors (NADH, 318 

NADPH and ATP), O2 and CO2 in the metabolite mass balances. The net fluxes for the 319 

Fab-producing and control strains growing under different oxygenation conditions are 320 

shown in Figure 4.  The net fluxes and their standard deviations are included in 321 

Additional file 4.  322 

The most prominent feature, as already indicated by the METAFoR analysis (Table 3), 323 

was the similarity in flux estimates between corresponding Fab-producing and control 324 

strains datasets. Nevertheless, as expected, clear differences were observed when 325 
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comparing flux patterns corresponding to different oxygenation set points. In general 326 

terms, the metabolic adaptation from oxidative towards respiro-fermentative growth was 327 

accompanied by complex changes of carbon flux throughout the whole central carbon 328 

metabolism, as previously described in other yeasts (S. cerevisiae [37, 38], P. anomala 329 

[39, 40]). 330 

 331 

Glycolytic and Pentose Phosphate Pathway (PPP) fluxes 332 

The METAFoR analysis showed that in fully aerobic conditions up to 50−39 % of 333 

phosphoenolpyruvate (Pep) was originated from the pentose phosphate pool. In contrast, 334 

the fraction of Pep from the pentose phosphates assuming a maximal contribution of PPP 335 

was clearly lower under hypoxic conditions, only about 15 %.  336 

Moreover, the 
13

C-MFA results (shown in Figure 4) indicate that this decrease of the 337 

relative PPP flux was the result of both an increased glycolytic flux, and a decrease in the 338 

specific flux through the oxidative branch of the PPP.  As previously observed in S. 339 

cerevisiae [38], the glycolytic flux increased progressively as the oxygen availability 340 

decreased.  341 

As already inferred from the macroscopic data, fluxes through some fermentative 342 

pathways were increased upon adaptation from respirative to respiro-fermentative 343 

metabolism, particularly the fluxes towards the formation of ethanol and arabitol. 344 

Production of arabitol had a clear impact on the flux ratios and on the distribution of 345 

fluxes through the PPP: The fraction of pentose phosphates showing the reversible action 346 

of a transketolase reaction was generally high (> 60 % in all cultivations), with no clear 347 

trend, whereas the fraction of pentose phosphates showing the reversible action of a 348 

transaldolase clearly decreased at low oxygen availability. Overall, the 
13

C-MFA results 349 

showed that under normoxic conditions there was an important net contribution of the 350 

PPP to glucose catabolism (flux of PPP intermediates to triose phosphates).  In contrast, 351 
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as oxygen availability was decreased and, particularly, when arabitol was produced, this 352 

contribution was clearly reduced or, even some of the reactions of the non-oxidative PPP 353 

branch showed inverted directionality under hypoxic conditions. 354 

Fluxes around the pyruvate node, intercompartmental transport and Tricarboxylic 355 
Acids (TCA) cycle 356 
Following the METAFoR analysis, distinct flux changes were observed for the different 357 

pathways utilizing pyruvate (Pyr), that are, pyruvate carboxylase (anaplerosis), pyruvate 358 

decarboxylase (fermentative pathways, pyruvate dehydrogenase by-pass), and pyruvate 359 

dehydrogenase (direct import of Pyr to the mitochondria). The relative anaplerotic flux 360 

(the anaplerotic flux ratio defined as the fraction of mitochondrial oxalocetate Oaamit 361 

molecules originating from Pep) was around 44−41 % under normoxic and hypoxic 362 

conditions, while in oxygen-limiting conditions was slightly lower, 35−32 %.  Hence, 363 

pyruvate carboxylase seemed to be the major anaplerotic reaction under all conditions, 364 

and it was accompanied by a substantial transport of carbon (cytosolic oxalocetate Oaacyt 365 

and/or other TCA cycle intermediates) from cytosol to mitochondria.  Nevertheless, an 366 

important relative carbon efflux from the mitochondria may be occurring, as only 66−63 367 

% of Oaacyt appears to be directly synthesised from Pep under oxygen-limiting and 368 

hypoxic conditions. As previously observed for P. pastoris [36] and other yeasts (e.g. S. 369 

cerevisiae and P. stipitis, [38, 41]), cells growing aerobically in glucose-limited 370 

chemostats show a bidirectional transport of Oaa and/or other TCA cycle intermediates 371 

across the mitochondrial membrane. However, calculation of flux ratios defining the 372 

fraction of Oaamit from Oaacyt and, Oaacyt from Pep under normoxic conditions was not 373 

possible. The labelling patterns of cytosolic and mitochondrial Oaa pools are accessible 374 

through the observation of aspartate labelling patterns (shown to be synthesised from 375 

Oaacyt in yeast in previous studies [42]) and glutamate (synthesised from mitochondrial 376 

2-oxoglutarate, and therefore accessing to Oaamit labelling patterns). Strikingly, the 377 
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fraction of intact C2-C3 bonds of Oaa, which is often used to calculate these flux ratios, 378 

where approximately equal for Oaacyt and Oaamit (that is, the fraction of intact Cα-Cβ 379 

bonds in Asp/Thr and Glu were equal as revealed by the f-values of Asp, Thr and Glu, 380 

Additional file 5).  This could be explained by an extremely fast exchange between 381 

cytosolic and mitochondrial pools of TCA cycle intermediates (near equilibrium), 382 

resulting in identical labelling patterns in the amino acids synthesised from such pools. 383 

However, this possibility can be excluded, as the Asp-Cβ, Thr-Cβ and Glu-Cα labelling 384 

patterns under normoxic conditions were not identical (Additional file 5). Notably, the 385 

reversibility of the interconversion of cytosolic Oaa to other cytosolic TCA cycle 386 

intermediates (defined here as the Oaacyt interconversion to fumarate ratio) was clearly 387 

higher under normoxic conditions, suggesting that aspartate, Oaa, and malate might be 388 

participating in a redox shuttle (e.g. malate-Asp and/or malatee-Oaa shuttles) for 389 

translocation of NADH across the mitochondrial membrane, as described by Bakker et al 390 

[43].    391 

It is worth noting that, although the flux through the PDH bypass was not considered 392 

in our metabolic model (see Materials and Methods for explanation), its activity 393 

should not be totally excluded since Crabtree negative yeasts are reported to have 394 

activity on this pathway [44]: In contrast to S. cerevisiae, which does not synthesise 395 

carnitine de novo (essential for carnitine acetyltransferase-mediated transport of 396 

cytosolic AcCoA to the mitochondria [45]), a complete carnitine biosynthesis 397 

pathway has been characterised in Candida albicans, and the corresponding 4 genes 398 

have been identified [46]. Interestingly, the P. pastoris genome contains putative 399 

homologues to these genes [16, 47]. Moreover, it should be mentioned that a 20-fold 400 

change in relative expression levels of the S. cerevisiae ACS1 homolog encoding the 401 

mitochondrial AcCoA synthetase essential for the contribution of mitochondrial PDH 402 
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bypass to the formation of mitochondrial AcCoA, was observed when comparing 403 

normoxic vs. hypoxic conditions.  Also, a significant downregulation in expression 404 

levels of CAT2 and YAT2 homologues involved in carnitine transport to mitochondria 405 

was observed.  406 

Overall, carbon flux distributions at the pyruvate branching point (see Figure 5) clearly 407 

show the shift from respiratory to respiro-fermentative metabolism: fluxes through the 408 

pyruvate dehydrogenase pathway decreased when decreasing oxygen availability, 409 

whereas the flux through the pyruvate decarboxylase pathway increased, reflecting the 410 

production of ethanol.  Also, the anaplerotic flux though the pyruvate carboxylase 411 

pathway drastically decreased when oxygen availability was reduced: Under fully 412 

aerobic conditions the fraction of carbon flux to the TCA cycle through this pathway was 413 

about 29 % (calculated only as a net transfer of Oaacyt across the mitochondrial 414 

membrane), whereas under oxygen-limiting and hypoxic conditions exchange fluxes 415 

decreased, resulting in lower net carbon fluxes into the TCA cycle (16−18 % and 12 % in 416 

oxygen-limiting and hypoxic conditions, respectively).   417 

Remarkably, although variations in the carbon flux distribution around the pyruvate 418 

branch and TCA cycle activity were observed, mitochondrial transporters such as 419 

DIC1, OAC1, SFC1 showed no significant change on the transcriptional level. Only 420 

YIA6, which is involved in NAD
+
 transport into the mitochondria (and has a disputed 421 

role as Pyr transporter), was down regulated under hypoxic conditions.  As already 422 

mentioned before, the carnitine transporters CAT2 and YAT2 were also down 423 

regulated under such conditions. 424 

Limitation in oxygen availability reduced the respirative net carbon flux through the 425 

TCA cycle (that is, the net flux of α-ketoglutarate through the TCA cycle to Oaamit, 426 

Figure 4). Nevertheless, the fraction of the net carbon flux in the TCA cycle 427 
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corresponding to the respirative carbon flux from α-ketoglutarate (or relative TCA cycle 428 

activity) remained between 60−70 %, that is to say, the relative anaplerotic fluxes were 429 

between 30−40 %.  Similar results have been previously observed in S. cerevisiae under 430 

aerobic conditions [38]. No significant contribution for malic enzyme flux could be 431 

observed (Table 3), so the pyruvate carboxylase pathway was the only anaplerotic supply 432 

to the TCA cycle.    433 

As discussed above, a good qualitative correlation between both transcriptional and 434 

proteomic levels and, the corresponding in vivo fluxes in the different oxygenation 435 

conditions was observed for the glycolysis, fermentative pathways and in the TCA 436 

cycle (Figure 4).  Notably, transcriptional levels of TDH3 under hypoxic conditions 437 

were 2.7 fold higher in the Fab-producing strain than in the control strain.  TDH3 438 

codes for glyceraldehyde-3-P dehydrogenase, an enzyme playing an integral role in 439 

glycolysis. Interestingly, Tdh3p has also been recognized to be involved in the 440 

initiation of apoptosis in S. cerevisiae [48].  Furthermore, it has been also found in the 441 

yeast cell wall [49], suggesting that TDH3 may indeed code for a multifunctional 442 

protein.  443 

Exceptions were ZWF1 and GND2, coding for enzymes involved in the oxidative 444 

branch of the PPP, which did not appear to be significantly regulated, in spite of the 445 

strong variation observed in the metabolic fluxes through this pathway. This was also 446 

the case for the GUT1 and GUT2 genes, coding for enzymes involved in glycerol 447 

formation, which were down regulated, whereas the flux to glycerol excretion was 448 

very low or even zero under all oxygenation conditions.    449 

Other cellular processes: Lipid metabolism and membrane biogenesis  450 
Lipid metabolism has successively become a focus of attention for linking many 451 

important pathways to its intermediate substrates. Sterols for example, long time 452 

relegated as passive metabolites modulating the membrane structure, play an 453 
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important role as primary sensors of environmental stresses by adjusting the fluidity 454 

of the plasma membrane to such perturbations [50, 51]. The cellular lipid metabolism 455 

is highly susceptible to hypoxia since the biosynthesis routes for the most essential 456 

lipids - ergosterol and fatty acids – require molecular oxygen. Anaerobically grown S. 457 

cerevisiae has an impaired ability to produce ergosterol, which consequently has to be 458 

added to the medium together with Tween80 as a source for unsaturated fatty acids 459 

[52, 53]. In this study the medium was not supplemented with either of these reagents 460 

since our chemostat cultures were run under severe oxygen limitation but not under 461 

strictly anaerobic conditions. As a consequence and due to the lack of exogenous 462 

ergosterol uptake, we observed increased transcript levels for a number of enzymes 463 

that catalyze oxygen-consuming reactions of the ergosterol pathway (ERG1, ERG3, 464 

ERG5, ERG11 and ERG25) which may be upregulated upon hypoxia for 465 

compensation of intermediate substrate deficit (see Figure 6A). NCP1, a cytochrome 466 

P450 reductase that is reported to be uniformly regulated with the key enzyme 467 

ERG11, also demonstrated increased mRNA levels under hypoxia. It has to be stated 468 

that the transcription of ERG25 was not only induced by oxygen scarcity but also 469 

under recombinant protein-producing conditions. 470 

Besides ergosterol as one of the major plasma membrane components in yeast, 471 

sphingolipids represent another class of lipids with considerable importance, since 472 

they interact with ergosterol to form small platforms (“rafts”) in the cell membrane. 473 

Along with the changes in the transcription pattern of the ergosterol pathway, we also 474 

observed a hypoxic induction of four sphingolipid synthesis genes (SUR2, SCS7, 475 

DES1, and SLD1) under hypoxic conditions (see Figure 6B for a schematic overview). 476 

Interestingly, similar as demonstrated for ergosterol, all of these enzymes need 477 

molecular oxygen as substrate, unlike others whose mRNA levels remained constant 478 
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(LAC1, LAG1, sphingolipid C9-methyltransferase). SLD1 (∆8 sphingolipid 479 

desaturase), DES1 (∆4 sphingolipid desaturase) and the C9-methyltransferase were 480 

recently identified and characterized by Ternes and co-workers to be responsible for 481 

the synthesis of glucosylceramides (GlcCer) in P. pastoris [54]. In a similar study, a 482 

P. pastoris mutant strain deficient in the endogenous DES1 gene was not able to 483 

produce glucosylceramides either [55]. This is in strong contrast to S. cerevisiae, who 484 

lacks this common class of sphingolipids.  485 

LAC1 and LAG1 are the only ceramide synthases in P. pastoris. If the cells produced 486 

more ceramides (forming the backbone of sphingolipids) at low oxygen levels, at least 487 

one of these two genes would be upregulated. Since this is not the case, we speculate 488 

that the cell activates the oxygen-dependent enzymes in order to sustain the 489 

sphingolipid metabolism and growth in spite of oxygen scarcity.   490 

YPC1, a ceramidase, might not fit in this picture since it also has a reverse, but minor 491 

ceramide synthase activity. Its mRNA level was increased to a similar extent (2.2-492 

fold) as LCB5, responsible for the phosphorylation of long chain bases in a side-493 

branch reaction of the sphingolipid metabolism. Also CSH1, a probable catalytic 494 

subunit of a mannosylinositol phosphorylceramide (MIPC) synthase, was upregulated 495 

under low oxygen. However, the genes encoding the subunits of serine-496 

palmitoyltransferase (LCB1, LCB2), the rate-determining step of sphingolipid 497 

synthesis in S. cerevisiae, were not induced, and if we exclude any posttranscriptional 498 

regulations, this hypothesis about the upregulation of oxygen-consuming reactions 499 

might be true.  500 

A mentionable induction upon hypoxic growth was further noted for the genes PDR16 501 

(2.8-fold), YPL206C/PGC1 (3.5-fold) and PDX3 (5-fold). Pdr16p is a 502 

phosphatidylinositol transfer protein of the Sec14p family (involved in protein 503 
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secretion) and was attributed a role in altering the lipid composition of the plasma 504 

membrane [56]. PGC1 regulates the phosphatidylglycerol (PG) content by 505 

degradation of PG to diacylglycerol (DAG) via a phospholipase C activity, as recently 506 

reported [57]. PDX3 is closely related with sterol, fatty acid and cytochrome content 507 

in yeast cells [58]. The gene product Pdx3p, a pyridoxamine phosphate oxidase, was 508 

additionally shown to have a significantly higher abundance at low oxygen (see 509 

proteome data).   510 

OLE1, a hypoxic gene encoding a key enzyme (∆-9 fatty acid desaturase) in the 511 

synthesis of unsaturated fatty acids, was also significantly expressed under hypoxic 512 

conditions. Along with this result, the breakdown of fatty acids was highly impaired 513 

by the strong down regulation of the oxygen-dependent β-oxidation pathway (FAA1, 514 

FAA2, POX1, ECI1, FOX2, POT1 and SPS19), and the genes required for 515 

peroxisomal division and metabolite transport, PEX11 and ANT1, respectively.  516 

Since alterations in the sterol-sphingolipid balance not only result in defects in the 517 

physical properties of membranes, but also affect strongly related events like cell 518 

signalling [59] or secretory transport to the cell surface [60, 61], we speculate that this 519 

imbalance might somehow also influence recombinant protein secretion. 520 

Sphingolipids or sterols, similar to secretory proteins, are first synthesized in the ER 521 

and then further processed in the Golgi apparatus, where they are targeted for the 522 

proper distribution to the cell surface. In the trans-Golgi network, where secretory 523 

vesicles segregate to exchange cargo proteins and lipids between membrane-bound 524 

organelles [62, 63], lipid rafts play a pivotal role as sorting point [64]. Pma1 for 525 

example, an H
+
-ATPase and abundant plasma membrane protein, is misrouted to the 526 

vacuole in a mutant strain of S. cerevisiae with an inability in sphingolipid acyl chain 527 

elongation [65]. Gap1, a general amino acid permease, meets a similar fate in the 528 
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absence of sphingolipid neosynthesis and is also sorted to the vacuole instead of the 529 

plasma membrane [66]. The heterologous Fab is a soluble protein and probably not 530 

directly affected by alterations in the sphingolipid metabolism as it is not targeted to 531 

the plasma membrane, however, the degradation of other integral membrane proteins 532 

might favour recombinant protein secretion.  533 

Recent experiments in our lab (data not shown) demonstrated that Tween80, a non-534 

ionic surfactant, stimulated the production of the recombinant extracellular Fab 535 

fragment considerably. A similar result was also obtained by Apte-Deshpande and co-536 

workers [67] for a recombinant P. pastoris strain producing a human growth hormone 537 

upon methanol induction. This stimulating effect of surfactants has further been 538 

observed in other host organisms including filamentous fungi and bacteria, where 539 

authors speculate about a possible correlation with (1) changes in the electrochemical 540 

membrane gradients by an altered Na
+
/K

+
 ratio [68] and (2) an altered membrane 541 

stability, even in transport vesicles, leading to enhanced membrane fusion [69]. These 542 

explanations would support our hypothesis about a contribution of membrane 543 

properties to improved protein secretion.  544 

Stress responses  545 
In this study, P. pastoris was exposed to severe oxygen limitation as environmental 546 

stress factor. As a consequence and considering also the additional burden of 547 

heterologous protein production, the cellular stress responses were highly activated 548 

under hypoxic growth conditions. There was a considerable upregulation of genes 549 

involved in oxidative (SVF1, UBA4, AHP1, TSA1, GAD1, NCE103 and OXR1) and 550 

osmotic stress responses (AGP2, RRD1, PBS2 and CAB3), and of those encoding 551 

molecular chaperones (HSP104, HSP42, HSP31, ZPR1, LHS1, and genes from the 552 

Hsp40/DnaJ family: XDJ1, SIS1 and SCJ1). Many chaperones are catalysts during the 553 

protein folding process and provide for a quality checkpoint so that only correctly 554 
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folded polypeptides are released into the secretory pathway. TSA1, one of the genes 555 

with the strongest overexpression (almost 6-fold) and with an increased abundance at 556 

the proteome level under hypoxia, is a peroxidase under normal conditions and only 557 

shifts to its chaperone function in response to stress [33]. It belongs to the so-called 558 

‘moonlighting proteins’ that have multiple functions, which can vary as a 559 

consequence of changes in their proximate environment. TSA1 functions as 560 

antioxidant on actively translating ribosomes and thereby maintains the integrity of 561 

the translation apparatus. But it was also shown to suppress thermal aggregation by 562 

binding to unfolded proteins. Stresses and other events that disrupt/overload the ER 563 

folding mechanism can cause accumulation of such unprocessed polypeptides and 564 

provoke the unfolded protein response (UPR) (reviewed in [70]). It was recently 565 

shown that antibody heavy chain fragments (which may remain partly unfolded) were 566 

retained within organelles of the secretory pathway in a recombinant P. pastoris 567 

strain, indicating a major bottleneck in the secretion process [71]. In the same study, 568 

overexpression of heterologous HAC1, the transcriptional activator of UPR in S. 569 

cerevisiae, clearly induced the UPR-regulated genes KAR2/BiP and PDI1. While the 570 

mRNA levels of HAC1 and PDI1 were significantly increased by hypoxia in our 571 

work, the transcription of KAR2 was not affected. However, we observed a significant 572 

induction of LHS1, a co-chaperone of KAR2 and likely to be the KAR2 nucleotide 573 

exchange factor. It is possible that the S. cerevisiae-derived HAC1 exerts a slightly 574 

different function in P. pastoris than the homologous one by regulating other UPR 575 

related genes [72]. In this context, also IRE1, a gene that senses misfolded proteins in 576 

the ER through interaction with KAR2 and activation of HAC1 was not induced. 577 

Interestingly, UPR was also reported to be triggered upon lipid deprivation in order to 578 

coordinate membrane synthesis in S. cerevisiae, in which HAC1 plays a role in 579 
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mediating phospholipid biosynthesis [73]. This finding could be reasonably linked to 580 

the observed changes in the lipid balance during oxygen scarcity and may also explain 581 

a different regulation of UPR related genes.  582 

ERO1, which is well-known for its crucial role in protein disulfide bond formation 583 

and redox homeostasis in the ER, was strongly activated under severe hypoxia (6.5-584 

fold). It interacts with PDI to initiate the transfer of oxidizing equivalents to folding 585 

proteins [74]. In the presence of oxygen, ERO1 generates H2O2 while in conditions of 586 

severe hypoxia other compounds (i.e. FAD) serve as electron acceptors for ERO1 thus 587 

reducing the accumulation of reactive oxygen species in cells with heavy loads of 588 

protein thiols in their secretory pathway [75].  589 

The overexpression of the UPR genes PDI1, ERO1 and HAC1 were previously 590 

reported as helper factors for enhanced recombinant protein secretion [2], which 591 

provides the presumption that their heavy induction upon hypoxia could benefit 592 

protein expression in a similar way or even stronger by a more synergistic effect. 593 

Another gene attracting attention due to its involvement in the translocation of soluble 594 

secretory proteins and insertion of membrane proteins into the ER membrane was 595 

WSC4, encoding a cell wall integrity and stress response component with a 596 

transmembrane receptor activity. Unlike in a study by Kimata and co-workers [76] 597 

where WSC4 was mentioned to be downregulated by UPR in S. cerevisiae, it was 598 

significantly induced under low oxygen conditions in our study, thus indicating a form 599 

of induction other than unfolded proteins.         600 

It is also worthwhile mentioning that the stress related genes NCE103, a carbonic 601 

anhydrase, and PFK3, encoding a gamma subunit of the 6-phosphofructokinase 602 

complex, were considerably up regulated not only in hypoxia but also in the Fab 603 

producing strain, pointing at a certain protein-expression related regulation. PFK3 was 604 
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recently reported as a novel form of the hetero-oligomeric enzyme 6-605 

phosphofructokinase in P. pastoris, but with no similarity to classic PFK subunits 606 

[77]. In the same study it was shown that the gamma-subunit tightly regulates the 607 

glucose metabolism by fine-tuning PFK activity via AMP and ATP, providing a rapid 608 

adaptation to perturbations in the energy balance during environmental changes, like 609 

in the case of hypoxia. The enhanced transcript levels in the Fab expressing strain can 610 

be explained by the additional energy demand during protein producing conditions.        611 

NCE103 was regulated similarly to PFK3 in response to oxygen limiting and protein-612 

producing conditions. NCE103 was described by Cleves et al. [78] to encode for a 613 

protein that is a substrate of a non-conventional secretion pathway in yeasts. In a later 614 

study a S. cerevisiae strain deleted in NCE103 showed a growth-defect phenotype in 615 

the presence of oxygen and enhanced sensitivity to H2O2, thus suggesting a protective 616 

function against by-products of cellular respiration [79]. This contradicts our results 617 

where NCE103 was highly induced under hypoxic conditions. Clark and co-workers 618 

[80] also questioned the proposed antioxidant activity of NCE103 and detected a 619 

functional carbonic anhydrase activity instead. They even suggested a correlation 620 

between NCE103 activity and the supply of sufficient bicarbonate for lipid 621 

biosynthetic processes. This hypothesis might explain the higher NCE103 activity 622 

under oxygen scarcity. Its elevated induction in the protein producing strain could be 623 

explained by the anti-oxidative effect on ER-oxidative stress derived from UPR. More 624 

studies will be necessary to elucidate the proposed function in non conventional 625 

protein export.  626 

Validation by quantitative real-time PCR (qRT-PCR) 627 
We performed qRT-PCR for 1 reference gene and 14 target genes, which we selected 628 

according to their relevance for this study. We validated five genes that were 629 

differentially expressed between control and expressing strain under hypoxic 630 
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conditions. We further picked six genes from the central carbon metabolism and 631 

compared their transcript levels between normoxic and hypoxic conditions in the 632 

expressing strain. We also performed qRT-PCR for the genes encoding the light and 633 

the heavy chain of the Fab fragment under hypoxic and normoxic conditions. Since 634 

we could not observe any differences when comparing the heavy chain transcripts 635 

between producing and control strain in either of the oxygen conditions in the 636 

microarrays, we also included samples from the non-producing strain. As suitable 637 

reference genes we chose β-actin (ACT1). The results are highlighted in Table 4 and 638 

indicate a good correlation between microarray and qRT-PCR data. In case of the Fab 639 

genes we were able to demonstrate not only the absence of transcripts in the control 640 

strain, but also a 1.6 fold change when comparing mRNA levels between hypoxic and 641 

normoxic samples, which is similar to the 1.8 fold change seen for the light chain (see 642 

Table 4).     643 

Conclusions  644 

In this study we demonstrated that a systems biology approach can serve as a valuable 645 

toolbox to investigate the impact of environmental factors on cellular physiology 646 

under recombinant protein-producing conditions. The data obtained facilitated the 647 

identification of processes that seem to lead to a specific improvement of Fab 648 

expression in P. pastoris under hypoxic conditions. Besides the obvious changes in 649 

the lipid balance under oxygen scarcity, many other regulated genes were shown to be 650 

indirectly linked to lipid metabolism, pointing at a potential target for further rational 651 

engineering of the expression system P. pastoris.  652 

It has become apparent throughout this study that there exist many contradictory data 653 

when comparing some of our regulation patterns with those obtained in S. cerevisiae. 654 

Regulatory functions that are different between different host organisms and lead to a 655 
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specific improvement of expression will be of special interest in the future. Further 656 

data integration on a cell model scaffold should allow a deeper understanding of 657 

physiological adaptation to hypoxia and a more systematic identification of potential 658 

targets for strain engineering.  659 

Methods 660 

Yeast strains and chemostat cultivations 661 

The Pichia pastoris strain X-33 pGAPZαA Fab3H6, secreting a the light and heavy 662 

chain chains of a human monoclonal antibody Fab fragment under the constitutive 663 

GAP promoter and the S. cerevisiae alpha-mating factor leader, and its empty-vector 664 

control strain were cultivated in a glucose-limited chemostat with a working volume 665 

of 1 litre at a dilution rate of 0.1 h
−1

, as previously described by Baumann and co-666 

workers [13]. In brief, cells were grown at 25 ºC, 700 rpm and pH 5.0 under three 667 

different oxygen availability conditions. Oxygen concentration in the inlet gas stream 668 

was 21 % at the beginning, and was then stepwise reduced by replacing the air with 669 

nitrogen, thereby creating oxygen limited (11 %) and hypoxic (8 %) conditions 670 

(ethanol and arabitol production). Samples were taken for each physiological 671 

equilibrium condition after 5 residence times, with the exception of the hypoxic set 672 

point, where wash-out of the culture was observed after 3.5 residence times and, 673 

therefore, samples were taken just after 3 residence times. Different combinations of 674 

set-points were carried out for the three independent biological replica in order to 675 

avoid adaptive effects (see [7]). 676 

Sampling for DNA microarray- and 2D-DIGE analysis from P. pastoris 677 
chemostat cultures   678 

For DNA microarray analysis, a 9 mL chemostat sample was directly transferred into 679 

a pre-chilled Falcon tube containing 5 mL of a freshly prepared, ice cold 5 % (v/v) 680 

phenol solution in absolute ethanol (Sigma Aldrich). After thorough mixing of the cell 681 
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suspension, aliquots of 1.5 mL were pelletized by centrifugation at 4°C and 682 

immediately stored at −80 ºC.  683 

For 2D-DIGE analysis, the chemostat sample was divided into six 2 mL aliquots. 684 

Cells were collected by centrifugation at 4 ºC, then the supernatant was stored at −20 685 

ºC for other analysis, and the pellet was immediately frozen at −80 ºC.  686 

Protein analysis by 2D-DIGE 687 

Total protein extraction, DIGE labelling, first and second dimension of the two-688 

dimensional gels as well as data acquisition, data analysis and spot identification were 689 

carried out as described by Dragosits and co-workers [7]. In order to prevent dye-690 

specific bias effects in the protein abundance measurements, every individual protein 691 

sample (50 µg) was labelled with both Cy3 and Cy5, also known as dye swap 692 

correction. The reference pool (mixture of the equal amounts of all individual 693 

samples, yielding 50 µg) was labelled with Cy2. Given that two biological replicas of 694 

each condition (normoxic, oxygen limiting and hypoxic) were labelled once by Cy3 695 

and once by Cy5, we run 6 gels per strain and generated 12 measurements for each 696 

spot. The ratio of the spot volume of the individual samples (Cy3 or Cy5) and the 697 

reference pool (Cy2) was determined to obtain the relative abundance of a protein 698 

under each oxygen condition across multiple gels. An average ratio of ≥ 1.5 and a 1-699 

ANOVA p-value cut-off of 0.05 were the statistical parameters for the determination 700 

of proteins whose abundance was significantly different among two groups (in this 701 

case, two oxygen set points). The relative protein abundance profiles of these protein 702 

spots were illustrated through PCA and heat map clustering using the R software 703 

version 2.6.2 (http://www.R-project.org).   704 
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DNA microarrays 705 

The P. pastoris DNA microarray used in this study was developed by Graf et al. [72]. 706 

RNA extraction, cDNA synthesis and labelling, as well as the microarray 707 

hybridizations and data analysis were carried out as reported earlier [72]. All samples 708 

were labelled in a dye-swap manner and hybridized against a reference cDNA, which 709 

was generated from a pool of cells grown under different culture conditions. 710 

Microarray data has been deposited in the MIAMExpress by EBI with the accession 711 

number xxx (in progress! will be provided ASAP). 712 

Validation of microarrays by qRT-PCR  713 
From the analysis of the microarray data, we selected 14 candidate genes with a 714 

significant fold-change, either between two oxygen setpoints or between two strains, 715 

to be validated by qRT-PCR. One reference gene shown to be equally expressed in all 716 

samples, β-actin (ACT1), was chosen for the relative quantification of expression 717 

levels. All primer sequences and primer characteristics (amplicon size, Tm and GC 718 

content) are given in Additional file 6. 719 

cDNA generation and primer design 720 
For the generation of first strand cDNA, RNA extractions from normoxic and hypoxic 721 

chemostat samples from the control and the expressing strain were subjected to a 722 

DNAse I (Invitrogen) treatment prior to reverse transcription with SuperScript
®

VILO 723 

cDNA Synthesis Kit (Invitrogen). All steps were performed following the 724 

manufacturer’s protocol, starting from 1 µg RNA. cDNAs were finally filled up to 725 

100 µL (1:5 dilution) with DEPC treated water (Invitrogen). Oligonucleotides 726 

(purchased from biomers.net) were designed with Primer Select 7.0.0 (DNASTAR) 727 

considering an amplicon size of 100 – 200 bp and a Tm of approximately 60 ºC.  728 

Primer validation and amplicon purification for standard curve 729 
To guarantee that each primer pair yields a single PCR product of the predicted size, 730 

we performed a conventional PCR and confirmed the absence of any primer dimers or 731 
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unspecific products on a 2 % (w/v) agarose gel. To additionally check the specificity 732 

of the assay, a melt-curve analysis was performed at the end of each PCR assay. An 733 

optimized reaction should have a single peak in the melt-curve, corresponding to the 734 

single band on the agarose gel. The specific PCR products were purified (Wizard
®

SV 735 

Gel and PCR Clean-Up System, Promega) and quantified on a Nanodrop™3300 736 

(Thermo Scientific). From the concentration and the size of the amplicon, the copy 737 

number per µL was determined according to Whelan [81] and decimal dilutions 738 

representing 10
7
 – 10

4
 copies of target DNA were prepared for the generation of the 739 

standard curves.  740 

qRT-PCR assay 741 
Quantitative real-time PCR was carried out in 20 µL reactions using semi-skirted iQ 742 

96-well PCR plates and iQ
™

SYBR
® 

Green supermix (both from Bio-Rad). Samples 743 

were measured in triplicates and standards were measured in duplicates on the iCycler 744 

Thermal Cycler (Bio-Rad). A non template control was run in every experiment for 745 

each of the primer pairs to avoid detection of unspecific priming. The reactions were 746 

incubated at 95 ºC for 5 min to activate the Taq polymerase, and then subjected to a 747 

three-step cycling protocol including melting (94 ºC, 15 sec), annealing (58 ºC, 15 748 

sec) and extension (72 ºC, 30 sec) for a total of 40 cycles. Each extension was 749 

followed by data collection at 72 ºC and a short incubation step at 78 ºC (1 sec) for a 750 

second plate read closer to the melting point. After a final extension of 5 min at 72 ºC, 751 

we generated a melt-curve profile by data collection during 70 cycles starting at 60 752 

ºC, with 0.5 ºC increments / cycle (1-sec intervals).  753 

Data analysis  754 
The relative gene expression was calculated for each sample with three measurements 755 

giving a maximum standard deviation of 10 %. Since the amplification efficiencies of 756 
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the target and reference genes were not the same in our experiments, we used the 757 

Pfaffl method [82] for the relative quantification of our qRT-PCR results. 758 

Analytical procedures  759 
Cell biomass was monitored by measuring the optical density at 600 nm (OD600). For 760 

cellular dry weight, a known volume of cultivation broth was filtered using pre-761 

weighted filters; these were washed with two volumes of distilled water and dried to 762 

constant weight at 105 °C for 24 h. Samples for extracellular metabolite analyses were 763 

centrifuged at 6,000 rpm for 2 min in a microcentrifuge to remove the cells and 764 

subsequently filtered through 0.45 µm-filters (Millipore type HAWP). Glucose, organic 765 

acids, ethanol and arabitol were analyzed by HPLC (Series 1050, Hewlett Packard) 766 

with an ionic exchange column (Bio-Rad, Aminex HPX-87H). As mobile phase, 15 767 

mM sulphuric acid was used. The metabolites were detected (Detector HP 1047A, 768 

Hewlett Packard) and quantified with the Software EmpowerProfor.  The exhaust gas 769 

of the bioreactor was cooled in a condenser at 2-4 °C (Frigomix R, B. Braun Biotech) 770 

and dried through a silica gel column. Concentrations of oxygen and carbon dioxide 771 

in the exhaust gas of bioreactor cultivations were determined on line with specific 772 

sensors (BCP-CO2 and BCP-O2, BlueSens, Germany). 773 

Biosynthetically directed fractional (BDF) 13C-labelling  774 
P. pastoris cells were continuously fed with a minimal medium for five residence 775 

times until reaching a metabolic steady state, as indicated by a constant cell density 776 

and constant oxygen and carbon dioxide concentrations in the bioreactor exhaust gas. 777 

Biosynthetically directed fractional 
13

C labelling (BDF) of cells growing at steady 778 

state on a single carbon source has been described elsewhere [36, 41, 83]. After 779 

reaching the steady state, 10 % (w/w) of the carbon source in the medium was 780 

replaced with uniformly 
13

C-labelled substrate (
13

C-labelled glucose, isotopic 781 

enrichment of >98 %, from Cortecnet, Voisins le Bretonneux, France).  After one 782 
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residence time, labelled cells were harvested by centrifugation at 4,000 ×g for 10 min, 783 

resuspended in 20 mM Tris⋅HCl (pH 7.6) and centrifuged again. Finally, the washed 784 

cell pellets were lyophilized (Benchtop 5L Virtis Sentry). An amount of 100 mg of the 785 

lyophilized biomass was resuspended in 6 mL of 6 M HCl and subsequently 786 

hydrolyzed in sealed glass tubes at 110 ºC for 21 h. The resulting suspensions were 787 

filtered using 0.2 µm-filters (Millex-GP, Millipore) and lyophilized. The lyophilized 788 

hydrolysates were dissolved in D2O for NMR experiments, the pH of the samples 789 

being below 1 due to residual HCl. 790 

NMR spectroscopy and metabolic flux ratio (METAFoR) analysis  791 
2D [

13
C,

1
H]-COSY spectra were acquired for both aliphatic and aromatic resonances 792 

as described [84] at 40 ºC on a Varian Inova spectrometer operating at a 
1
H resonance 793 

frequency of 600 MHz. The spectra were processed using the standard Varian 794 

spectrometer software VNMR (version 6.1, C).  The program FCAL [85] was used for 795 

the integration of 
13

C-
13

C scalar fine structures in 2D [
13

C,
1
H]-COSY, for the 796 

calculation of relative abundances,  f-values (see Additional file 5), of intact carbon 797 

fragments arising from a single carbon source molecule [84], and for the calculation 798 

of the resulting flux ratios through several key pathways in central metabolism, as 799 

described by Maaheimo [42] and Jouhten [38]. 800 

As described previously [36, 41, 42, 83-87], the calculation of metabolic flux ratios 801 

when using fractional 
13

C-labelling of amino acids is based on assuming both a 802 

metabolic and an isotopomeric steady state. To establish a cost-effective protocol for a 803 

larger number of 
13

C labelling experiments, we fed a chemostat operating in metabolic 804 

steady state for the duration of one volume change with the medium containing the 805 

13
C-labelled substrates [41, 83] before harvesting the biomass. Then, the fraction of 806 

unlabeled biomass produced prior to the start of the supply with 
13

C-labelled medium 807 
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can be calculated following simple wash-out kinetics ([86], see also [36] for 808 

additional discussion). 809 

13C-constrained metabolic flux analysis (13C-MFA) 810 
Intracellular metabolic fluxes were determined using 

13
C-NMR derived flux ratios as 811 

additional experimental constraints to solve the MFA system [88].  The biochemical 812 

reaction network model (see Additional files 7 and 8) was based on the stoichiometric 813 

model of central carbon metabolism formulated for S. cerevisiae [38, 42], and P. 814 

pastoris [36], and adapted conveniently.  Briefly, the model included the glycolytic 815 

and the pentose phosphate pathways, the TCA cycle and the fermentative pathways, 816 

production of glycerol, arabitol, and anabolic fluxes from metabolic intermediates to 817 

biosynthesis.  The glyoxylate cycle, the PEP carboxykinase and the malic enzyme 818 

activity were omitted from the stoichiometric model since the METAFoR data 819 

showed that those pathways were either inactive or at basal levels (see [38] for details 820 

on the identification of these activities). Separate pools of Pyr, AcCoA and Oaa in the 821 

two cellular compartments, cytoplasm and mitochondria, were considered in the 822 

metabolic flux ratio analysis.  Transports of Pyr and Oaa across the mitochondrial 823 

membrane were included in the model but transport of AcCoA, the final step of the 824 

cytosolic Pyruvate dehydrogenase (PDH) bypass, was omitted. The potential carbon 825 

flux through the PDH bypass was lumped into the flux through the PDH reaction, 826 

since the 
13

C-labelling protocol used in this study does not allow for an assessment of 827 

the split flux ratio between these two pathways (that is, given that flux through malic 828 

enzyme is essentially zero in our model, labelled Pyr being metabolised through the 829 

PDH bypass does not produce labelling patterns in mitochondrial AcCoA that are 830 

distinct from those generated when Pyr is channelled through the PDH reaction.  831 

Nevertheless, flux through the PDH bypass can not be totally excluded, as discussed 832 

in the Results section.  833 
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The complete model for the calculation of intracellular fluxes, comprised 33 834 

(normoxic condition) and 34 (oxygen-limited and hypoxic conditions) metabolic 835 

reactions. The measured uptake and excretion rates and the rates of metabolic 836 

precursor depletion to biosynthesis, as determined from the composition of P. pastoris 837 

biomass previously reported for each oxygenation condition [22], were combined with 838 

a set of linearly independent equations obtained from METAFoR analysis to render 839 

the complete linear system solvable.   840 

The determined metabolic flux ratios were used as additional constraints for solving 841 

the metabolic network following a 
13

C constrained flux balancing approach similarly 842 

to a previous approach [88]. Using the constraints from the METAFoR analysis, it 843 

was not necessary to include redox cofactor mass balances.  Cofactor mass balances 844 

are sources of errors since the correct balancing requires detailed knowledge of the 845 

relative activities of different isoenzymes and the enzyme cofactor specificities on a 846 

cell wide scale. The flux ratios considered in the present approach were the following 847 

(equations 1 to 4, the reaction numbers are defined in Additional file 8):   848 

the fraction of Oaamit originating from Oaacyt, that is, Oaacyt transport into the 849 

mitochondria   (only applicable to oxygen-limiting and hypoxic conditions): 850 

1623

23

xx

x
a

+
=      (1) 851 

Under normoxic conditions, reaction x24 (flux of Oaacyt into the mitochondria) was 852 

calculated as a net Oaa transport flux across the mitochondrial membrane (that is, 853 

Oaacyt import − Oaamit export), annotated as x24*.  Also, the labelling patterns of Pep 854 

instead of Pyrcyt were considered (see Results section) and, therefore, the 855 

corresponding anaplerotic flux ratio was defined as: 856 
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xx

x
b

+
=      (2) 857 

the fraction of Oaacyt originating from Pyrcyt, that is, the anaplerotic flux ratio (only 858 

applicable to oxygen-limiting and hypoxic conditions):  859 

2417

17

xx

x
c

+
=      (3) 860 

the fraction of Pep from PPP assuming a maximal contribution of PPP: 861 
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++
≥    (4) 862 

The following linear constraint equations (equations 5 to 8) were derived from the 863 

flux ratio equations: 864 

( ) ( ) aRaxax =−+− 1623 1    (5) 865 

( ) ( ) bRbxbx =−+− 1623 1*    (6) 866 

( ) ( ) cRcxcx =−+− 2417 1    (7) 867 

( ) ( ) ( ) ( ) dRxdxxdx ≤−+−++− 2321 310119  (8) 868 

Equations 5 to 7 were added to the stoichiometric model as a submatrix F, obtaining 869 

the complete metabolic model to solve the metabolite mass balances:   870 

bxN
c

x
F

S
=⋅≡








=⋅









0              (9)
 871 

where S represents the stoichiometric matrix (including input/output reactions), c is a 872 

column vector with either 0 for internal reactions or the corresponding value for each one 873 

of the input/output rates and x is the vector of fluxes. Solution of the resulting linear 874 

system was obtained using the MATLAB function lsqlin using equation 8 as an additional 875 

constrain.  Irreversibility was assumed for several intracellular fluxes and for the depletion 876 
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of precursors to biosynthetic reactions, that is, only positive values were allowed for these 877 

fluxes (see Additional file 8). 878 

Confidence intervals for the optimized fluxes were calculated up on the determination of 879 

their standard deviation using the Fisher Information Matrix approach (FIM) [89] as: 880 

( )
jjj FIM 1−=σ     (10) 881 

Calculation of FIM was performed as: 882 

WCWFIM
T 1−∑=     (11) 883 

where C is the variance-covariance matrix of the measurements (assumed independent) 884 

and W is a parameter sensitivity matrix where each element of wij corresponds to: 885 

j

i

ij
p

x
w

∂

∂
=       (12) 886 

which describes an infinitesimal change of the variable xi (e.g. a measurement) due to 887 

an infinitesimal change in parameter pj (a flux).  888 

Confidence intervals for the estimated fluxes ˆ
jp  of 

jp  can be derived [90] from:  889 

v

2/pjj

v

2/pj t.p̂pt.p̂
jj αα σσ +<<−

  (13)
 890 

where v
t 2/α  corresponds to the Student’s t distribution, with v degrees of freedom and α 891 

corresponds to the (1-α) confidence interval chosen. All calculations were performed on a 892 

PC compatible computer running Matlab ® 7.4 (v2007b) for Windows.  893 
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 1219 

Figures 1220 

Figure 1 – Venn diagram  1221 
Venn diagram illustrating the relationship of up- and downregulated annotated genes 1222 

(p ≤ 0.05, no FC) in the control (C) and expressing (E) strain under hypoxic 1223 

conditions. The intersections reflect equally regulated genes among both data sets.      1224 

Figure 2 – Percentage distribution of regulated genes (cut-off p ≤ 0.05) to their 1225 
respective GO biological process term(s)  1226 
Upregulated (purple), downregulated (green) and unregulated genes (white) in 1227 

response to hypoxia were classified into their GO functional group(s) and illustrated 1228 

as relative numbers summing up 100 %. A: Control strain, B: Fab expressing strain. 1229 

Figure 3 – Principal component analysis (PCA) and heat map of proteome data 1230 
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A: Principal component analysis of the proteome data presented in a 2D graph with 1231 

components 1 and 2 displayed on the two axes. PCA projection demonstrates that the 1232 

maximum variability in the dataset occurs between normoxia and hypoxia, 1233 

independent of the strain genetic background.  1234 

B: Heat map presentation of a hierarchical cluster of the 45 proteins that show 1235 

significantly different (p ≤ 0.05) abundances in both strains (Fab expressing (E) and 1236 

control (C) strain) at different oxygen concentrations in the inlet gas (20, 10 or 8). The 1237 

green colour represents relatively low expression and pink colour represents relatively 1238 

high expression levels.  1239 

Figure 4 - Metabolic flux distributions in P. pastoris Fab-expressing and control 1240 
strains under different oxygenation conditions  1241 

Relative net flux distributions of P. pastoris X-33/pGAPαA_Fab and X-33/pGAPαA in 1242 

glucose-limited chemostats at a D = 0.1 h
−1

 under different oxygenation conditions.  1243 

Fluxes are shown as relative fluxes normalised to the specific glucose uptake rate 1244 

(expressed as mmol glucose g
−1

 DCW h
−1

) in the corresponding experiment. The specific 1245 

glucose uptake rates corresponding to the different oxygenation conditions and strains 1246 

are given at the top of the figure.  The fluxes for each reaction in the network 1247 

corresponding to 21 %, 11 % and 8 % oxygen in the bioreactor inlet gas are given from 1248 

top to bottom; the flux values from the Fab-producing strain are shown on the left and 1249 

those from the corresponding control strain on the right. The transport of Oaa across the 1250 

mitochondrial membrane under normoxic conditions is given as a single net influx value. 1251 

Fluxes with SD values are provided in the Additional file 4. Arrows indicate higher (red) 1252 

or lower (green) mRNA levels (T) and protein abundances (P) during hypoxia compared 1253 

to normoxia. The corresponding gene/protein names are displayed above the arrows.  1254 
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Figure 5 - Fractional distributions of carbon fluxes in metabolic branching 1255 
points derived from 13C-MFA. 1256 
Fractional distributions of carbon fluxes. A: the glucose-6-P flux split to glycolysis 1257 

and PPP B: the pyruvate branching point, and C: the TCA cycle, in P. pastoris Fab-1258 

producing (E) and control (C) strains growing in glucose-limited chemostats at D = 1259 

0.1 h
−1

, in 21 %, 11 % and 8 % oxygen in the chemostat inlet gas.  1260 

Figure 6 – Scheme of pathways involved in lipid metabolism 1261 
Schematic overview of the discussed pathways involved in lipid metabolism. Colour 1262 

code: red = upregulated genes; green = downregulated genes; and blue = un-regulated 1263 

genes under hypoxic conditions (FC ≥ 1.5 and p ≤ 0.05) A: Sphingolipid metabolism 1264 

in the yeast P. pastoris adapted from [55]. MIPS = mannosyl-inositol-1265 

phosphorylceramide, GlcCer = glucosylceramides B: Outline of the post-squalene 1266 

ergosterol biosynthetic pathway, dashed arrows indicate no specification of 1267 

intermediates  1268 
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Tables 1282 

Table 1 – Microarray statistics 1283 
Microarray statistics including all genes that passed the adjusted p-value cut-off ≤ 1284 

0.05. Comparisons between oxygen set-points within one strain (e.g. C 8/21) or 1285 

between strains at a certain oxygen set-point (E/C 8) are given. C = control strain; E = 1286 

expressing strain   1287 

 1288 

3904 annotated sequences, p  ≥ 0.05, no FC 

comparison threshold passed up down % regulated 

C 8/21 656 357 299 16.80 

C 11/21 504 261 243 12.91 

C 8/11 4 2 2 0.10 

E 8/21 649 342 307 16.62 

E 11/21 349 172 177 8.94 

E 8/11 157 62 95 4.02 

E/C 8 6 4 2 0.15 

E/C 11 0 0 0 0.00 

E/C 21 3 2 1 0.08 

 1289 

 1290 

 1291 

 1292 

 1293 

 1294 

 1295 

 1296 

 1297 

 1298 

 1299 

 1300 
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Table 2 – Strain-dependent gene regulation  1301 
List of differently regulated genes (p ≤ 0.05 and FC > 1.5) in both strains under hypoxic 1302 

conditions. E/C 8 up corresponds to the upregulated genes in the Fab expressing strain 1303 

compared to the control, while the downregulated genes are referred to as E/C 8 down.   1304 

 1305 

Gene Name p-value FC Description 

E/C 8 up    

NCE103 2.39E-02 2.27 Carbonic anhydrase, involved in a non-classical  
protein export pathway 

PFK3 1.06E-02 2.53 Pichia pastoris 6-phosphofructokinase gamma-subunit 

ERG25 3.29E-03 2.79 Required in the ergosterol biosynthesis pathway 

AQR1 3.99E-02 3.18 Multidrug transporter of the major facilitator superfamily 

E/C 8 down    

YCT1 3.20E-04 - 9.23 High-affinity cysteine-specific transporter 

FLR1 4.08E-02 - 2.23 Plasma membrane multidrug transporter  

    1306 

 1307 

 1308 

 1309 

 1310 

 1311 

 1312 

 1313 

 1314 

 1315 

 1316 

 1317 

 1318 

 1319 

 1320 
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Table 3 – Metabolic flux ratio (METAFoR) analysis results  1321 
Origins of metabolic intermediates during growth of P. pastoris in glucose-limited 1322 

chemostat 
13

C-labelled cultures at D = 0.1 h
−1

 at different fractions of oxygen in the 1323 

chemostat inlet gas.  Values for both control and Fab producing strains are given. Ratios 1324 

highlighted in grey have been used as constraints for metabolic flux analysis (n.a., not 1325 

applicable; n.d., not determined. See main text for explanation). 1326 

 1327 

Expressing Strain Control Strain 
% Fraction of total pool 

21% O2 11% O2 8% O2 21% O2 11% O2 8% O2 

Pep from PPs, upper  bound 50 ± 9 23 ± 6 15 ± 7 39 ± 9 32 ± 8 15 ± 6 

R5P from T3P and S7P (transketolase) 71 ± 2 78 ± 2 70 ± 2 66 ± 2 70 ± 2 62 ± 2 

R5P from E4P (transaldolase) 44 ± 2 24 ± 2 23 ± 2 40 ± 2 29 ± 2 24 ± 2 

Ser originating from Gly and C1-unit 61 ± 4 68 ± 4 68 ± 4 62 ± 4 69 ± 4 72 ± 4 

Gly originating from CO2 and C1-unit 10 ± 4 13 ± 3 13 ± 3 6 ± 4 12 ± 3 10 ± 3 

PEP originating from OAA-cyt (PEPck) 0 ± 4 0 ± 8 0 ± 10 2 ± 5 0 ± 10 5 ± 11 

OAA-mit originating from PEP 44  2 32 ± 2 44 ± 2 42 ± 2 35 ± 2 41 ± 2 

OAA-mit originating from OAA-cyt na 43 ± 3 55 ± 3 na 44 ± 3 51 ± 3 

OAA-cyt originating from PEP na 63 ± 3 64 ± 4 na 66 ± 3 66 ± 4 

OAA-cyt reversibly converted to FUM 63 ± 11 7 ± 5 10 ± 5 63 ± 11 11 ± 4 9 ± 4 

Flux through malic enzyme, upper bound 1 ± 4 nd nd 1 ± 6 nd nd 

Flux through malic enzyme, lower bound 1 ± 2 nd nd 0 ± 3 nd nd 

 1328 

 1329 

 1330 

 1331 

 1332 
 1333 
 1334 
 1335 
 1336 
 1337 
 1338 
 1339 
 1340 
 1341 
 1342 
 1343 
 1344 
 1345 
 1346 
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Table 4 – qRT-PCR results 1347 
Quantitative real-time PCR results compared with microarray data. Standard 1348 

deviations derive from triplicate measurements; all numbers reflect relative gene 1349 

expression to a reference gene (ACT1).        1350 

 1351 

 1352 

 1353 

 1354 

 1355 

 1356 

 1357 

 1358 

 1359 

 1360 

 1361 

Gene product | accession nr 8/21 E Arrays p-value 8/21 E qPCR stdev 

MDH1  |  PIPA02244 -1.61 4.90E-03 -2.03 ± 0.212 
FUM1 |  PIPA02844 -2.07 2.23E-02 -1.42 ± 0.121 
YDL124W |  PIPA01263 2.58 3.00E-04 1.52 ± 0.139 
RKI1  |  PIPA02895 2.44 2.50E-03 1.93 ± 0.091 
CDC19 |  PIPA00751 5.24 8.24E-10 3.71 ± 0.189 
TDH3 |  PIPA02510 4.34 5.44E-06 2.03 ± 0.151 
Fab Hc |  PIPA00751 1.65 8.80E-02 1.68 ± 0.064 
Fab Lc |  PIPA02510 2.07 8.30E-05 1.80 ± 0.019 

 E/C 8 Arrays p-value E/C 8 qPCR stdev 

NCE103 |  PIPA03864 2.21 2.30E-02 1.71 ± 0.087 
PFK3 |  PIPA09969 2.53 1.20E-02 3.21 ± 0.128 
ERG25  |  PIPA00945 2.79 3.00E-03 2.21 ± 0.093 
AQR1  |  PIPA04502 3.18 3.90E-02 4.12 ± 0.188 
YCT1 |  PIPA00376 -9.19 3.90E-04 -5.03 ± 0.322 
FLR1  |  PIPA02458 -2.22 4.10E-02 -1.78 ± 0.161 
Fab Hc  |  PIPA02458 2.96 1.75E-01 10.31 ± 0.397 
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Additional files 1362 

Additional file 1 – Design 2D DIGE Gels 1363 
An example of the experimental design for the acquisition of statistical data on 1364 

differences between untreated (normoxia (20.9 %)) and treated (oxygen limitation 1365 

(10.9 %) and hypoxia (8.4 %)) samples labelled with Cy Dyes (GE Healthcare).   1366 

Additional file 2 – 2D DIGE Gels 1367 
Representative gel image from a 2D gel electrophoresis experiment with proteins 1368 

obtained from the Fab expressing strain. We identified 45 out of 81 proteins with a 1369 

different expression pattern when comparing high and low oxygen experiments. 1370 

Green spots show proteins downregulated and pink ones show those upregulated 1371 

under hypoxia.  1372 

Additional file 3 – Identified protein spots    1373 
List of the 45 identified proteins with different abundances comparing normoxic and 1374 

hypoxic conditions in the P. pastoris expressing and control strain. Proteins were 1375 

identified by MALDI-TOF MS and grouped into 6 different biological processes. The 1376 

protein name, short name and accession number, theoretical Mw and pI are reported 1377 

together with the percentage of peptide coverage and number of identified peptides. 1378 

Average ratios and 1-ANOVA (DeCyder) are given and only not indicated where no 1379 

spot could be matched. 1380 

Additional file 4 – Metabolic fluxes   1381 
Metabolic fluxes in the central carbon metabolism of P. pastoris Fab-producing and 1382 

control strain in glucose-limited chemostats at a D = 0.1 h
−1

, in different oxygenation 1383 

conditions.  The standard deviations of each net flux are given.  1384 

Additional file 5 – Relative abundances of intact carbon fragments in 1385 
proteinogenic amino acids  1386 
Relative abundances of intact C2 and C3 fragments (f-values) in proteinogenic amino 1387 

acids describing the conservation of carbon chain fragments in P. pastoris Fab-1388 

producing and control strains growing in glucose-limited chemostats at a D = 0.1 h
−1

, 1389 

in different oxygenation conditions. 1390 
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Additional file 6 – qRT-PCR primers used in this study.  1391 
Table showing the primer sequences of the genes analyzed by qRT-PCR and 1392 

characteristics of the corresponding amplicons. Calculated copy numbers and the 1393 

dilution factors in order to obtain 10
9
 copies µl

−1
 are indicated (see main text for 1394 

explanation). 1395 

Additional file 7 – Metabolic network model of the central carbon metabolism of 1396 
P. pastoris  1397 
Bioreaction network model of the central carbon metabolism of P. pastoris used in the 1398 

13
C-metabolic flux analysis for the determination of net fluxes under the different 1399 

oxygenation conditions.  Fluxes are represented as net fluxes and the directions of the 1400 

arrows indicate the directions of the positive net fluxes.  The metabolites consumed or 1401 

produced by extracellular fluxes (shown as dashed arrows) are denoted with (E).   1402 

Additional file 8 – Stoichiometric model of the central carbon metabolism of P. 1403 
pastoris  1404 
Reactions in the stoichiometric model of the central carbon metabolism of P. pastoris 1405 

applied in the 
13

C-MFA determination of the metabolic fluxes under different 1406 

oxygenation conditions; it also includes anabolic reactions from metabolic 1407 

intermediates to biosynthesis, transport reactions across the mitochondrial membrane 1408 

and uptake and excretion reactions. Note that O2, CO2, energy and redox cofactor 1409 

mass balances were not included in the mass balance constraints in 
13

C-MFA.   1410 
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Mattanovich D, Callewaert N, Rouzé P, Lin YC, Graf A, Redl A, Tiels P, Gasser B, De
Schutter K. Open access to sequence: Browsing the Pichia pastoris genome. Microbial
Cell Factories 2009, October 8:53

Dragosits M, Stadlmann J, Graf A, Gasser B, Maurer M, Sauer M, Kreil DP, Altmann F,
Mattanovich D. The response to unfolded protein is involved in osmotolerance of Pichia
pastoris. BMC Genomics 2010, March 11:207

Baumann K, Carnicer M, Dragosits M, Graf AB,Stadlmann J, Jouhten P, Maaheimo
H, Gasser B, Albiol J, Mattanovich D, Ferrer P. A multi-level study of recombinant
Pichia pastoris in different oxygen conditions as knowledge base for strain improvement.
(submitted)

Baumann K, Branduardi P, Dato L, Dragosits M, Ferrer P, Frascotti G, Graf AB, Mat-
tanovich D, Porro D. The impact of oxygen on the transcriptome of recombinant S.
cerevisiae and P. pastoris a comparative analysis. (in preparation)

Work Experience

2001 - 2006 LEM Norma GmbH, A-2345 Brunn a. Geb., Austria; change to the IT
Department with responsibilities in project management, network administration
and help desk.

2000 - 2001 LEM Norma GmbH, A-2345 Brunn a. Geb., Austria; executive assistant,
responsibilities in marketing projects.

1998 - 1999 Austropersonal, 1060 Vienna, Austria; Web designer

Language Skills

German: first language



7 Curriculum Vitae 189

English: excellent spoken and written (CAE: A)

French: basic


	Abstract
	Zusammenfassung
	Aim of the Study
	Introduction
	Yeasts and Pichia pastoris
	Next Generation Sequencing
	Questions related to De Novo Assembly 
	Questions related to Sequence Alignment
	Bioinformatics Challenges

	Gene Expression Microarray Analysis
	Metabolic Models

	Materials and Methods
	Results
	Pichia pastoris DSMZ 70382 Genome Sequence
	Functional Annotation
	Genome Browser

	Establishment of Pichia pastoris Expression Microarrays
	Genome-Scale Metabolic Model
	Authors' Contribution

	Conclusion
	Appendix
	Abbreviation
	GO Terms

	Publications
	Reviews
	Research Publications
	First or equally contributing author papers
	Other research papers


	Curriculum Vitae

