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Compared to the traditional reductionist approach, systems biology seeks 

to explain biological phenomenon, not on a gene-by-gene basis, but through the 

net interactions of all cellular and biochemical components within a cell or 

organism. As systems biology is driving technological developments, we sought 

to improve high-throughput measurements of the major cellular molecules and 

apply multiple molecular profiling approaches to measure cellular system 

dynamics. 

We focused on three classes of molecules: mRNA, proteins and 

metabolites. For mRNA, expression deconvolution, a new algorithm for 
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expression pattern analysis, was proposed to reveal dynamic changes in cell 

populations by reinterpretation of DNA microarray data. For proteins, a novel 

statistical method was established to calculate protein expression levels from 

shotgun proteomics; protein levels measured by this approach correlate well with 

protein abundance measured by Western blot and 2D gels. For metabolites, we 

took advantage of the extended 13C NMR spectral range and developed 1H-13C 2D-

NMR for in vitro and in vivo metabolic profiling of cells.

With these technologies, we combined mRNA, protein and metabolite 

profiling to study one carbon metabolism and the yeast cell cycle. Integrating 

various “omic” data, we showed that local changes in one carbon metabolism 

(AdoMet hyperaccumulation) causes a gross change in the global metabolome, 

accompanied by both transcriptional and post-transcriptional responses, ultimately 

leading to a G1-delay defect in the cell cycle. We began mapping the yeast cell 

cycle in terms of dynamic abundance changes of the major cellular molecules. All 

these studies indicate that for many cases the measurement of mRNA is not 

predictive of the corresponding protein or metabolite abundances. Consequently,

these different types of data provide complementary information to elucidate 

control mechanisms otherwise evident. This validates an essential idea of systems

biology: it is only by integrating different levels of biological information that the 

cell’s state can be fully described.
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Chapter 1: Introduction

Molecular biology has experienced a revolutionary change in the past few years, 

with a paradigm shift in the cellular studies from reductionist thinking towards systems 

thinking. Systems biology, which involves the comprehensive characterization of the 

components of a biological system (i.e. DNA, RNA, proteins and metabolites) as a whole,

leads to insights into the responses of these components because of systematic 

perturbations to the cellular system (Griffin et al. 2002).

Systems biology is an emerging field; nevertheless, the idea for an integrative 

study of biological systems is not particularly new. Norbert Wiener first proposed this 

opinion in 1948 while defining the area of cybernetics (Wiener 1948), which regards 

biological system as one of the complex, multi-dimensional networks of information 

systems. Subsequently, systems-level approaches were applied to illustrate a set of 

principles that linked the behavior of living organisms to system characteristics and 

functions (Mesarovic 1968; Bertalanffy 1969). However, the lack of understanding at 

molecular level and the short of powerful techniques hindered the further development of 

integrative approach in biology study, limiting such research at a small scale. With the 

availability of complete genome sequences of various species, and with the emergence of 

high-throughput technologies for molecular level measurement, it is possible to measure 

many cellular components simultaneously and view the cell as a ‘system’ to study.

Systematic characterization of cellular states requires large-scale quantitative 

measurements that can provide copious biological information about cellular processes at 
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multiple levels. Accordingly, technologies for genome-wide analyses need to be 

developed for quantitatively determining the spatial and temporal accumulation patterns 

of specific mRNA, proteins and important metabolites. Messenger RNA (mRNA) 

molecules, the subject of transcriptome analysis, have been studied in a comprehensive 

manner using DNA microarrays and serial analysis of gene expression (SAGE). DNA 

microarrays, whether cDNA arrays (Lashkari et al. 1997) or oligonucleotide arrays 

(Shalon et al. 1996), involve hybridization of fluorescence-labeled cDNA to an array 

containing open reading frame (ORF) sequences, while serial analysis of gene expression 

(SAGE) (Velculescu et al. 1995) is based on a high-throughput sequencing of unique 

expressed tags derived from the three prime end of cDNA. Compared with the laborious 

sequencing of SAGE method, the advantage of microarray technology is that all of the 

predicted ORFs can be easily monitored simultaneously in a single experiment; therefore, 

we used it to monitor gene expression in our system dynamic study. 

The set of genes expressed at a given time reflects the cellular processes that cells 

are undergoing. Cells grow in dynamically evolving populations, both cooperating and 

competing with other cells for space and resources. The interactions between cells are 

fundamental to many basic biological processes like embryogenesis, differentiation, 

development and oncogenesis, yet this aspect of experiments often goes unmeasured. 

With the rapid progress in detailed measurements of molecular markers specific to each 

cell state, applying proper mathematical models to disentangle the dynamics of cell 

populations becomes an urgent mandate. In chapter 2, we present a method, termed 

expression deconvolution, by which the proportions of cells in a mixed population can be 

discovered from their gene expression patterns. 
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mRNA molecules are transmitters of instructions for cellular activities, however, 

it is proteins and metabolites that represent true functional components within cells. 

Monitoring their levels is crucial to obtaining a complete picture of various biological 

processes. The goal of proteomics to routinely measure the complete set of expressed 

cellular proteins has yet to be realized (Steen et al. 2002), but the technology perhaps 

currently closest to this ideal is shotgun proteomics (Washburn et al. 2001; Washburn et 

al. 2002). Shotgun proteomics involves analyzing complex protein mixtures that are cut 

into peptide fragments and analyzed by extensive chromatographic separation 

accompanied by tandem mass spectrometry. This technique is mature enough to routinely 

identify ~500-1000 proteins from a cell lysate (Washburn et al. 2001). However, it is 

generally thought to be non-quantitative as differences in peptide sequence properties and 

the local chemical environment create changes in mass spectrometry peak heights 

unrelated to abundance. This problem can be partly overcome by introducing internal 

reference standards, such as stable isotope labeling (Oda et al. 1999), ICAT (Gygi et al. 

1999) for relative quantitation and AQUA (Gerber et al. 2003) for absolute quantitation. 

These methods rely on peptide peak volume measurements for quantitation. In chapter 3, 

we present a novel statistical algorithm that can derive protein expression index (PEI) 

from peptide sampling depth (number of peptides observed for each protein), which 

allows surprisingly accurate protein quantitation from shotgun proteomics experiments 

without internal reference standards required. 

Akin to transcriptomics and proteomics, the burgeoning field of metabolomics 

aims to develop and apply strategies for the global analysis of metabolites in cells, tissues 

and fluids (Fernie et al. 2004). Metabolite profiling has currently been performed using 

either mass spectrometry (MS) or nuclear magnetic resonance spectroscopy (NMR) 
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techniques. MS is generally more sensitive and fast. Fiehn et al. mapped ~300 

metabolites from plant extracts using GC-MS (Fiehn et al. 2000) and Allen et al. 

monitored extracellular metabolites in yeast culture medium using ‘Direct-inject’ MS 

with 2 minutes per sample (Allen et al. 2003). However, NMR is able to comparatively 

characterize metabolite expression patterns both in vitro (Brindle et al. 2002) and in vivo 

(Griffiths et al. 2002). NMR has been long used for analyzing complex biological 

samples in medical applications such as analyzing metabolite changes in human and 

animal body fluids from different disease states (Sze et al. 1990; Lindon 1996). Recently 

Raamsdonk et al. demonstrated that it was possible to resolve and categorize different 

biochemical yeast mutants by metabolite profiling using 1H-NMR (Raamsdonk et al. 

2001). To further improve the identification and quantitation of metabolites by NMR, we 

developed 1H-13C 2D-NMR for in vitro and in vivo metabolic profiling of cells, which is 

described in chapter 4.

The objective of systems biology is to identify markers and mechanisms that are 

important to the maintenance of stable internal states using multiple high-throughput 

data, with the ultimate goal of developing computational models that enable the analysis 

of cellular systems properties and the prediction of the response of the system to any 

given perturbation (Griffin et al. 2002; Westerhoff et al. 2004). Living organisms are 

characterized by the quality of homeostasis. They tend to maintain a constant internal 

state in response to changing environmental and intracellular conditions. As components 

of organisms are perturbed, the system will re-equilibrate to a distinct dynamic steady 

state, adjusting all other components and rates to best accommodate the perturbation. 

Such self-regulation not only leads to distinct dynamic steady states, but also may be 

characterized by meta-stable states and the ability of transient signals to induce 
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transitions between steady states. In chapter 5, using a combination of metabolite, protein 

and transcriptional profiling, we characterized three distinct dynamic steady states of 

yeast cells that form in response to perturbing the synthesis of the universal methyl donor 

S-adenosylmethionine (AdoMet) and tried to figure out the underlying regulations 

accompanying conversion between these states.

To further explore the application of molecular profiling in system dynamic study, 

we also embarked on quantifying the dynamic states of yeast cells in different cell cycle 

phases. Over the past several decades, intense work has uncovered many critical players 

and transcriptional mechanisms in the cell cycle process (Futcher 2002), however, many 

of the regulatory mechanisms emanating from the cell cycle to other cellular machineries 

remain obscure (Tyers 2004). Comprehensive collections of genetic reagents have 

accelerated the discovery of new relationships between core cell-cycle processes (Tong et 

al. 2001; Ooi et al. 2003; Tong et al. 2004; Tyers 2004), for example, the synthetic 

genetic array (SGA) method has identified many dozens of synthetic lethal interactions in 

cytoskeletal, DNA replication and chromosome dynamics pathways (Tong et al. 2004). 

In chapter 6, we profiled the abundance of major cellular molecules in different cell cycle 

phases of synchronized yeast cells, which may contribute to establishing the meta-level 

connections between cell cycle and previously distinct cellular processes.
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Chapter 2: Expression deconvolution: A reinterpretation of DNA 
microarray data reveals dynamic changes in cell populations

At the beginning of 1980s, the idea of being able to simultaneously measure the 

abundance of every transcript in the cell by a single experiment would have seemed 

impossible to most researchers. However, the advent of high-throughput technologies has 

empowered biologists to do just that. DNA mircoarrays, whether cDNA arrays (Lashkari 

et al. 1997) or oligonucleotide arrays (Shalon et al. 1996), are becoming increasingly 

reliable and accessible for whole–genome RNA expression studies. As more and more 

genomes are fully sequenced, transcription profiling of many organisms in different 

biological states have been collected (Spellman et al. 1998; Hughes et al. 2000; Fiehn et 

al. 2001; Whittam et al. 2002; Love et al. 2004; Stathopoulos et al. 2004; Sahai 2005),

adding new dimensions to our ability to leverage information from genome sequencing 

projects into a more comprehensive and holistic understanding of cell physiology.

Cells live in dynamically changing environments, both cooperating and 

competing with other cells for space and resources. The interactions between cells are 

fundamental to such biological processes as embryogenesis, differentiation and 

development, and oncogenesis, among others. Disentangling the dynamics of cell 

populations requires precise identification of cell types (Stern et al. 2001), ideally based 

upon detailed measurements of molecular markers specific to each cell type (Herzenberg 

et al. 2000).  Identification of such markers is not trivial.  Furthermore, even within a 

given cell type, cells exist at different stages of the cell cycle (Alberts et al. 1994), 

presenting an additional layer of complexity to the dynamics of cell populations. 
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Within a mixed population of cells, one might expect distinct cell types to exhibit 

distinct programs of transcription (Su et al. 2002).  Likewise, cells from distinct phases 

of the cell cycle will exhibit phase-specific transcriptional patterns (Cho et al. 1998; 

Spellman et al. 1998).  When transcription levels are measured from a population of 

cells in a typical experiment, such as by using DNA microarrays (DeRisi et al. 1997), the 

measured transcription actually represents the weighted average of these many 

independent transcriptional programs.   

Here, we ask if it is possible to deconvolute the DNA microarray data from a cell 

population in order to survey the proportions of different cell types, by treating specific 

transcriptional patterns in DNA microarray data as cell-type specific markers. In this 

chapter, we demonstrate that DNA microarray mRNA expression data can be 

reinterpreted to provide new information about the dynamics of the cells in the original 

experiments.  We focus specifically on identifying yeast cells growing in different 

phases of the cell cycle. However, the analysis we introduce is generally applicable to 

any mixed cell population. 

RESULTS

Expression deconvolution algorithm

Asynchronously growing yeast cells are a mixture of cells in different phases of 

the cell cycle. Therefore, mRNA expression measurements from asynchronous cells are a 

mixture of mRNA expression patterns typical of different phases of the cell cycle. By 

knowing the typical mRNA expression patterns of cells in specific cell cycle phases (G1, 

S, G2, M, and M/G1), the expression data of asynchronous cells can be modeled as the 
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weighted linear combination of expression data from cells in each phase.  The numerical 

weights associated with each set of phase-specific expression data indicate the 

proportions of cells in each phase of the cell cycle. This analysis of cell population 

dynamics, termed expression deconvolution, is diagrammed in Figure 2.1.   

Specifically, a series of equations is established (one for each gene) as illustrated in 

Figure 2.1, in which the expression level of gene i (ei,population) in the asynchronous cell 

population equals the fraction of cells in G1 phase (fG1) times the expression level of gene 

i in the G1 cells (ei,G1), plus the fraction of cells in S phase (fS) times the expression level 

of gene i in the S phase cells (ei,S), and so on. The cell fractions (fG1, fS, etc.) sum to one.  

From the ~6,200 genes in yeast, 696 genes exhibit cell cycle dependent changes in 

mRNA expression levels (Cho et al. 1998; Spellman et al. 1998).  Equations are 

constructed for these 696 genes. Since the typical expression levels of these genes are 

known for each of the phases of the cell cycle (Cho et al. 1998; Spellman et al. 1998), 

this is a straightforward set of equations to solve by standard methods, with 696 

equations but only 5 unknowns (the cell fractions). We apply a simulated annealing-

based (Kirkpatrick et al. 1983) algorithm to identify the proportions of cells optimally 

satisfying the equations. In this process, the proportions of distinct cell populations are 

varied randomly in order to either maximize the Pearson correlation coefficient or to 

minimize the least squares criterion between the expression vector from the mixed cell 

population and the expression vector represented by the weighted sum of the 

synchronized cells.  
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Figure 2.1. The algorithm of expression deconvolution.

In the method of expression deconvolution, mRNA expression data from a mixed cell 
population can be modeled as the weighted average of expression data from each of a 
set of basis experiments, where the weights describe the proportions of cells from each 
basis cell type in the overall cell population. As illustrated, expression data from 
asynchronously grown yeast cells (left data set) are fit as the weighted linear 
combination of expression data from synchronized cells from specific times in the cell 
cycle (right 5 data sets), representing expression characteristic of “pure” populations 
of cells in each phase of the cell cycle. An over-determined system of linear equations 
is established, with one equation per gene, as illustrated, and solved for the optimal 
proportions of cells that best model the expression profile of the cell population.
(Adapted from (Lu et al. 2003) ) 
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Validation of expression deconvolution Analysis 

We evaluated the ability of expression deconvolution to reveal known cell 

population dynamics for two sets of control samples: (1) synchronized yeast cells 

growing in a time course, to test that the analysis correctly detected the cell cycle phases, 

and (2) yeast deletion mutants with known cell cycle arrest phenotypes, to test that 

expression deconvolution could correctly diagnose the defects. 

First, we used data from synchronized yeast cells growing in a time course to 

establish the basis experiments, which represent the expression levels from pure cells in 

discrete phases of the cell cycle. Synchronous cells growing in G1, S, G2, M, and M/G1 

phases were chosen from (Spellman et al. 1998), and form the experiments represented 

on the right side of the equations in Figure 2.1. Then, as a test of the method, an 

independent cell cycle time course data set was analyzed, collected by different 

researchers (Cho et al. 1998) via a different DNA microarray technology (Affymetrix 

arrays). Expression data from each time step was analyzed by expression deconvolution. 

The percentages of cells predicted to be in each phase of the cell cycle are plotted in 

Figure 2.2A. As expected for synchronized cells, the cell percentages cycle over time.  

For comparison, the phases determined by microscopy by the original researchers are 

drawn across the top of Figure 2.2A, and are in excellent agreement with the expression 

deconvolution results.

As a second control, public DNA microarray data (Spellman et al. 1998; Hughes 

et al. 2000) collected from deletion mutants of yeast genes with known cell cycle defects 

were analyzed. Unlike the experiment of Figure 2.2A, these cells are grown 

asynchronously, but exhibit specific cell cycle arrest defects that are expected to skew the 
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Figure 2.2. Validating expression deconvolution on cells with known population 
dynamics.  

(A) Results of applying expression deconvolution to a synchronized cell population. 
The proportion of cells in each phase of the cell cycle, measured by expression 
deconvolution analysis of microarray data (Cho et al. 1998) and plotted as a function 
of time, match well with the phases observed by microscopy and FACS analysis (Cho 
et al. 1998), marked at the top of the figure. Points are fit with spline curves for ease of 
interpretation. (B) Application of expression deconvolution analysis to 
asynchronously grown yeast deletion mutants known to produce full or partial cell 
cycle arrest phenotypes. Each bargraph shows the percentages of cells in different cell 
cycle phases as reconstructed by expression deconvolution. Wild-type cells (wt) show 
roughly equal proportions of cells in different cell cycle phases, but mutant strains 
show skewed cell populations, suggesting cell cycle arrest phenotypes. The mRNA 
expression data in (B) are from (Hughes et al. 2000) except those marked with 
asterisks from (Spellman et al. 1998). (Adapted from (Lu et al. 2003))
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population of cells away from the expected asynchronous distribution. The mRNA 

expression measurements from each strain were analyzed by expression deconvolution, 

and the results are plotted in Figure 2.2B. Wild-type cells show roughly equal proportions 

of cells in each phase of the cell cycle, as expected for asynchronously grown cells. 

However, the cell cycle arrest mutants show strongly skewed cell populations as function 

of the nature of the arrest.  The agreement with known arrest phenotypes indicates that 

expression deconvolution can accurately measure cell populations, and therefore pinpoint 

cell cycle defects. 

Specifically, cka2∆ cells, previously known to arrest with at least 50% unbudded 

G1 cells (Hanna et al. 1995), here show a G1 arrest phenotype when analyzed by 

expression deconvolution. In contrast, CLN3 is known to be rate limiting for the G1 to S 

phase transition (McInerny et al. 1997), and cln3∆ cells are known to have a higher 

proportion than wild-type cells of unbudded and G1 phase cells (Cross 1988). Expression 

deconvolution reveals cln3∆ cells show roughly equal proportions of G1 and S phase 

cells, but no other phases. For each of the other strains, the observed expression 

deconvolution results match the defects observed by other techniques (Kayne et al. 1988; 

Yorihuzi et al. 1994; Bartl et al. 1997; Shu et al. 1997; Wagner et al. 2001), such as the 

known post S-phase arrest of cells overexpressing calmodulin ( CMD1 (Tet) ), which are 

defective in nuclear division (Ohya et al. 1989), exhibiting a higher proportion of M and 

M/G1 cells in our analysis.

Yeast population dynamics vary with environmental stresses 

Using expression deconvolution, we measured the population dynamics of yeast

cells grown in varying conditions, including steady state growth at high temperature 
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(Gasch et al. 2000), sporulation (Chu et al. 1998), and DNA damage (Gasch et al. 2001). 

First, the mRNA expression profiles of yeast grown under constant temperature 

conditions (Gasch et al. 2000) were deconvoluted. Cells grown between 17° and 29° C 

were asynchronous, implying no apparent cell cycle defect (Figure 2.3A). However, cells 

grown at a constant 37° C displayed cell cycle arrest in M/G1 phase, occurring earlier in 

the cell cycle than the short-lived G1 arrest seen in transiently heat-shocked yeast (Shin et 

al. 1987). 

Second, expression profiles of sporulating yeast (Chu et al. 1998) were 

deconvoluted.  The results, plotted as a function of time in Figure 2.3B, indicate that the 

yeast are initially asynchronous, but rapidly arrest in the first hour of growth under 

conditions inducing sporulation (growth on potassium acetate and raffinose).  Although 

the cells are undergoing meiosis, the mRNA expression profile of the arrested cells most 

strongly resembles M/G1 phase cells, as no meiotic cell expression patterns are included 

in the basis experiments. 

Finally, we deconvoluted the mRNA expression profiles of cells grown in the 

presence of the DNA alkylating agent methyl methane sulfonate (MMS) (Gasch et al. 

2001). DNA damage is known to induce cell cycle arrest in cells, slowing progression 

through S phase, in a manner dependent on a “checkpoint” pathway (Weinert et al. 1988; 

Paulovich et al. 1995; Paulovich et al. 1997). However, checkpoint mutants (Hartwell et 

al. 1989) can bypass this DNA damage-induced arrest. In Figure 2.3C, the expression 
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Figure 2.3. Application of expression deconvolution to yeast grown under varying 
conditions reveals complex cell population dynamics.  

Each graph plots the reconstructed distribution of cells in different cell cycle phases.
In (A), yeast grown (Gasch et al. 2000) at 17°– 29°C appear asynchronous, while 
those grown at 37°C arrest strongly in M/G1 phase. In (B), yeast induced to sporulate 
(Chu et al. 1998) quickly synchronize with a cell state whose global mRNA 
expression pattern resembles M/G1 phase cells.  In (C) and (D), cells challenged with
the DNA damaging agent MMS (Gasch et al. 2001) quickly arrest in G1 phase.  Wild 
type cells (C) remain arrested, even after 2 hours, while mec1∆ checkpoint mutant 
cells (D) progress through the arrest within 40 minutes.  In (B)-(D), points are fit 
with spline curves for ease of interpretation. All curves follow the legend displayed in 
(B). (Adapted from (Lu et al. 2003))
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deconvolution results are plotted for wild-type cells growing in a time course after 

treatment with MMS. The cells are initially asynchronous upon MMS addition, but 

rapidly arrest in G1 phase. The population dynamics of checkpoint mutant cells (mec1∆) 

initially resemble wild-type cells (Figure 2.3D): at first asynchronous, the cells arrest in 

G1 phase within 30 minutes. However, unlike the wild-type cells, the mec1∆ cells 

quickly bypass the arrest; cells progressing into S phase are seen within 40 minutes after 

DNA damage.

Large- scale identification of cell cycle mutants using expression deconvolution 

As expression deconvolution can in principle reveal the precise nature of cell 

cycle defects in mutant cells, we applied the method to a set of publicly available mRNA 

expression profiles of 287 yeast deletion mutants and 13 drug-treated cells (Hughes et al. 

2000). Of the 300 strains, ~146 exhibit a strong bias toward a particular cell cycle phase, 

suggesting the gene deletions induce synchronization of the cells and cause, either 

directly or indirectly, a rate-limiting defect in the cell cycle. The apparent timing and 

severity of each cell cycle defect was calculated from the center of mass of the 

deconvoluted cell population distribution. Mutants with more than 75% of the detectable 

mRNA expression signal derived from a single cell cycle phase are arranged in Figure 

2.4 in the observed temporal order of their defects. Defects were identified in all phases 

of the cell cycle, although ~60% occur in M and M/G1. Approximately 20% of the genes 

exhibiting strong cell cycle defects have no known function. 

Of the strongly arrested strains defective in characterized genes, a number of the 

phenotypes can be rationalized: Disruption of the histone deacetylase HDA1 produces an 

M phase arrest, consistent with its role in maintaining chromatin structure (Rundlett et al. 
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1996; Mizzen et al. 1998; Suka et al. 1998). Yeast lacking the ß-glucan metabolic gene 

GAS1, known to be slow growing and to harbor cell wall defects (Ram et al. 1998), arrest 

in M/G1. Deletion of ZDS1, implicated in establishing cell polarity (Bi et al. 1996), 

arrests cells in S phase near the approximate time of bud emergence. Deletions of five 

genes (JNM1, ASE1, BUB3, BIM1, BNI1) required for proper partitioning of the mitotic 

spindle during anaphase (Winsor et al. 1997; Kahana et al. 1998; Wigge et al. 1998; Lee 

et al. 1999; Warren et al. 2002) all arrest at approximately M phase. Disruptions of SSN6

and TUP1 are known to produce flocculent cells (Teunissen et al. 1995), disturbing cell 

surface properties. As flocculent cells may imply defects in bud maturation or cell 

separation, such a phenotype would be consistent with their observed M and M/G1 

defects. Deletions of the ergosterol biosynthesis genes ERG2, ERG3, ERG4, and ERG5

show cell cycle defects, as does treatment with the compound Itraconazole or 

overexpression of IDI1. All disrupt biosynthesis of ergosterol (Paltauf et al. 1992; Lees et 

al. 1995; Parks et al. 1995; Bammert et al. 2000), an essential component of the plasma 

membrane, secretory vesicles, and mitochondrial respiration, and the deletions 

presumably affect such cell membrane-related processes, although the defects are 

distributed across the cell cycle. 

A number of known cell cycle arrest mutants are recovered, including deletions 

for the cell cycle kinases CKA2 and CKB2 (producing G1 phase arrest) (Glover 1998), 

the adenine biosynthesis gene ADE1 (defective in S phase, presumably by limiting 

purines available for DNA synthesis), the cyclin-dependent kinase CLB2, which regulates 

the G2/M transition (Grandin et al. 1993) (here, producing M phase arrest), and 

calmodulin (CDM1), which, under a tetracycline induced promoter, arrests in M phase, 

consistent with its action in nuclear division (Ohya et al. 1992; Ohya et al. 1994). Lastly, 
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the compound calcofluor white, known to bind preferentially to large-budded cells 

(Moore 1990), here produces a M/G1 phase arrest, consistent with disruption of cell wall 

metabolism. 

Several other cellular functions are well represented among the arrest mutants, 

including chromatin silencing and remodeling (ISW1, ISW2, HST3, HDA1, CIN5, DOT1, 

SIR2, SIR3), cell wall synthesis (ECM1, ECM10, ECM34, YEA4, calcofluor white 

treatment), and ribosome biogenesis, recycling, and rRNA maturation (NOP16, NGL2, 

FIL1, RRP6, MRT4, RML2, RPL12A, RPL18A, RPL27A). 

Independent Validation of Cell Cycle Mutant Defects 

To further support the expression deconvolution results, we independently 

validated several of the observed cell cycle defects using established experimental 

protocols. We tested six yeast mutants, indicated by arrows in Figure 2.4, including four 

mutants whose expression deconvolution phenotypes indicated G1 arrest and two mutants 

exhibiting M/G1 arrest. Two of the strains act as controls (cka2∆ (Hanna et al. 1995) and 

bni1∆ (Yorihuzi et al. 1994)), in which the cell cycle arrest phenotypes were known, and 

four represent novel cell cycle arrest mutants. 

Cell cycle defects were assayed by measuring the DNA content of the six haploid 

knockout strains using the DNA-specific dye propidium iodide and 

flourescence-activated cell sorting (FACS) to determine the numbers of cells with one 

(1N) and two (2N) copies of the chromosomes. Each diptych in Figure 2.5 represents 

FACS data from asynchronously grown cells derived from two of the four spores in a 

single tetrad from a heterozygous diploid yeast deletion mutant.  
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Figure 2.4. 146 yeast genes whose deletion confers severe, temporally localized cell 
cycle defects are plotted, ordered by time of observed cell cycle defect.  

The timing of each defect, calculated as the center of mass of the deconvoluted cell 
population, is indicated by the angular position around the circle, with G1 phase 
defects starting at the x-axis and with time increasing in a counter-clockwise direction. 
The radial distance from the origin of the plot indicates the severity of each defect. 
Asynchronous wild-type cells are therefore plotted near the origin, while strong G1 
arrest mutants are found at the right-hand boundary. Mutants whose defects are 
independently validated at indicated by arrows. The complete table of expression 
deconvolution phenotypes for all 300 strains (Hughes et al. 2000), sorted by defect 
severity or timing, is available as supplemental information from the supporting web 
site. (Adapted from (Lu et al. 2003))
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Figure 2.5. Independent validation of six cell cycle defects identified by expression 
deconvolution. 

Each horizontal panel shows the measured DNA content of two Mat a haploid yeast 
strains, derived from a single tetrad of a heterozygous diploid yeast strain deleted in 
the gene labeled at right. Asynchronously grown wild-type cells (left side) show 
roughly equal proportions of 1N and 2N DNA content, measured using FACS 
analysis, while deletion mutant strains (right side) show skewed distributions 
characteristic of the predicted G1 (top four panels) or M/G1 (bottom two panels) arrest 
phenotypes. (Adapted from (Lu et al. 2003))
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The FACS analysis confirms that the mutants show defects in DNA content 

consistent with the expression deconvolution phenotypes. The bud14∆, she4∆, and rrm3∆
strains show excess 1N cells (relative to the wild-type cells derived from the same 

tetrads), similar to the defect seen in the known G1 arrest mutant cka2∆ (Hanna et al. 

1995). Likewise, the gas1∆ mutant shows an excess of 2N cells, consistent with a post-S 

phase defect, just as does the M/G1 defective bni1∆ strain (Yorihuzi et al. 1994).

DISCUSSION

With expression deconvolution, we provide a theoretical framework for 

interpreting mRNA expression data that is consistent with known dynamics of cell 

populations, and that sensitively identifies cell growth abnormalities.  Given a viable 

mutant with a disruption in a cell cycle-related gene, mRNA expression patterns can be 

measured by DNA microarray for the asynchronously growing mutant.  The expression 

data, which actually represents an average across the population of cells, is then fit as the 

linear combination of mRNA expression levels typical of cells in each phase of the cell 

cycle. The result is the proportion of cells in each phase of the cell cycle 

If the cells have a cell cycle defect or have been induced to synchronize, the 

proportions of cells will be skewed, and the nature of the skew serves to characterize the 

cell cycle defect. The analysis therefore enables a genetic screen for yeast cells that are 

viable but progress through the cell cycle in an abnormal fashion. Here, expression 

deconvolution is not detecting hard cell cycle arrests, but is acting as a probe of slowed or 

rate limiting steps during the cell cycle. By analogy with the recent use of DNA 

microarrays to distinguish cancer subtypes that were previously indistinguishable (Golub 

et al. 1999; Sorlie et al. 2001), we expect this approach to be capable of distinguishing 
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very subtle differences in the internal states of cells, due in large part to the reliance on 

thousands of measurements of gene expression. 

The choice of basis experiments is clearly important. Because the cell population 

expression profile is only interpreted in light of the basis experiments included, it is 

possible that a strong trend in the data may go undetected. For example, we have not 

included G0 stationary phase cell expression patterns in the basis experiments, although it 

is possible that G0 phase cells may exist in the population. Likewise, we have not 

included meiotic cells, even though the method was applied to sporulating yeast. In this 

case, the analysis revealed the cell synchronization induced during sporulation, although 

it is unlikely the cells were actually arrested in M/G1 phase (Figure 2.3B), but instead 

that M/G1 was the best fit of the existing basis experiments for the meiotic cell 

expression patterns. However, the fit to the basis experiments was performed only for the 

696 genes showing cyclic expression changes in the cell cycle (Spellman et al. 1998). 

Thus it is likely that basis experiments might be identified that can distinguish between 

the meiotic response and the mitotic transcriptional responses, by collecting a time series 

of DNA microarray data from meiotic cells, followed by choosing an appropriate subset 

of genes to be fit in the basis experiments.     

In this manner, the same expression data might potentially be analyzed for 

multiple independent trends. For example, one might imagine that diseased cells and 

healthy cells proceed differently through the cell cycle. The cell population might then be 

simultaneously deconvoluted for healthy/diseased expression profiles and for cell cycle 

phase-specific expression patterns. Therefore, we see an important area of future research 
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as defining gene expression signatures associated with a wide variety of cellular states, all 

of which could act as independent basis experiments. 

Alternate basis experiments might include healthy versus diseased cells, different 

disease subtypes, cells responding to different stresses, specific cell types found in a 

given tissue, different organisms from an ecological niche, individual mutants competing 

in a growth process, or cells from differing developmental stages. Given appropriate basis 

experiments, expression deconvolution should be broadly applicable. Applications might 

include toxicology (e.g., fitting with basis experiments derived from drug-treated cells), 

diagnostics (e.g., deconvoluting tissue sample expression patterns into contributions from 

different cell types or mixtures of healthy/diseased cells), or infectious processes (e.g., 

studying the progression of one or more infectious agents through a cell population via 

the cells’ expression patterns). It is likely that expression deconvolution will be useful for 

early diagnosis, where most of the expression profile is derived from healthy cells, but a 

small fraction of the cells are diseased. The analysis should also be applicable to 

proteomics data or any other equivalently complex data sets collected from a cell 

population. 

Some of the observed timings of cell cycle defects plotted in Figure 2.4 may 

correspond not to the times of action of the deleted genes, but to the timings of 

downstream cellular processes that become rate-limiting in the deletion strains. Genes 

whose deletion causes cell cycle arrest may therefore act earlier in the cell cycle than 

when the defects are observed. Thus, while some mutants arrest at logical times (e.g., 

yeast deleted for the nucleotide biosynthesis gene ADE1 arrest in S phase, and treatment 

with the cell-wall binding dye Calcofluor white arrests yeast during cell division in M/G1 
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phase), others induce arrest at times far from their apparent action (e.g., ade2∆ arresting 

in M/G1 phase). The differences in response between ade1∆ and ade2∆ cells maybe 

indicate a subtle divergence in the genes’ functions, reflected in part by the poor 

correlation (correlation coefficient = 0.5) in their transcriptional levels across 300 DNA 

microarray experiments (Hughes et al. 2000). We speculate that genes whose deletions 

cause arrest at precisely the same time in the cell cycle may often induce the same 

downstream cellular system, and therefore may be functionally linked or operating in the 

same upstream pathway. 

In the limit of having mRNA expression data for the complete set of viable yeast 

deletion mutants, we might expect more than two thousand deletion strains to exhibit 

growth defects, by roughly scaling the percentage of cells observed here with arrest 

phenotypes (~50%). An interesting possibility that arises from this work is that of 

temporally ordering these approximately two thousand genes by the times at which they 

induce defects—this would effectively define the set of rate-limiting steps for cell growth 

and the order in which they occur.

MATERIALS AND METHODS

Selection of basis experiments and microarray data 

The choice of cell phase specific expression patterns (termed basis experiments) 

is clearly important.  However, due to the extremely over-determined nature of the 

equations, we expect a considerable tolerance for noise in the data. In order to analyze the 

yeast cell cycle, basis experiments were selected from the published data of Spellman et 

al. (Spellman et al. 1998) as the average of three independent expression arrays measured 
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from cells arrested by three independent methods, as listed in Table 2.1.  Precise time 

points were chosen according to the peak expression patterns of genes known to be 

associated with certain cell cycle phases: the G1 basis experiments were chosen 

according to peak expression of the cyclin CLN2, S phase by histone HTA2 expression, 

G2 phase by cyclin CLB4 expression, M phase by CLB2 expression, and M/G1 phase by 

SIC1 expression. 

Expression deconvolution was applied to previously published yeast mRNA 

expression data obtained from the Stanford Microarray Database and Rosetta 

Inpharmatics. These data measured mRNA expression levels from yeast grown in a broad 

variety of conditions, including asynchronous cultures undergoing sporulation (Chu et al. 

1998), growth at various temperatures (Gasch et al. 2000), DNA damage (Gasch et al. 

2001), and disruption of single genes (Spellman et al. 1998; Hughes et al. 2000). A 

second set of synchronized cell cycle data (Cho et al. 1998) was available from 

Affymetrix-type DNA microarrays. For proper comparison with the Stanford-format 

microarray basis data, these Affymetrix-type data were converted to ratio form by 

dividing each positive expression measurement by the average fluorescence intensity for 

that gene across the time series, and taking the logarithm of these ratios (setting the log 

ratio equal to 1 for ratios equal to zero). All mRNA expression data vectors were 

normalized to mean zero, variance one, prior to deconvolution. 

Calculation of apparent timing and severity of defects 

The apparent timing and severity of a cell cycle defect was calculated from the 

center of mass of the deconvoluted cell population as follows:  The five phases of the 

cell cycle were modeled as ordered, equally spaced events on a circle of radius 1 centered 



25

on the origin of the x-y plane. A particular deconvolution result was interpreted 

geometrically by positioning the appropriate fraction of cells in the population at each 

event, then calculating the center of mass of the resulting object.  The severity of defect 

was interpreted as the distance r from the origin o to the center of mass c, normalized 

with respect to the longest vector possible in that direction. In this manner, asynchronous 

cells correspond to r ~ 0, and strongly synchronous cells correspond to r ~ 1. Deletion

strains with r > 0.75 were considered to exhibit severe, temporally localized cell cycle 

defects. The timing of the defect was interpreted as the angle t made between the x axis 

and the line oc from the origin to the center of mass.  Strains could therefore be ordered 

by the time of their observed arrest, with cells arrested in G1 occurring at t = 0°, S phase 

at t = 72°, G2 phase at t = 144°, M phase at t = 216°, and M/G1 phase at t = 288°, and 

cells arrested in adjacent phases located at appropriately spaced intermediate timings.   

Independent validation of arrest phenotypes by FACS analysis

Yeast cells disrupted in single genes (Giaever et al. 2002) were obtained from 

Invitrogen as heterozygous diploids and sporulated to obtain haploid cells with and 

without the gene disruption (detected by growth with/without the antibiotic G418 to 

select for the gene disruption specific marker). The haploid yeast were grown in YPD 

media and harvested in exponential growth phase (O.D. ~ 0.5 - 0.8), then fixed by 70% 

ethanol for one hour at room temperature. RNA and proteins in the cells were digested by 

1 mg/ml RNaseA (Sigma) and 0.04 mg/ml Proteinase K (Sigma) seperately. After 5s 

sonication with 30% duty set for each sample, DNA of yeast cells were stained with 100 

µg/ml DNA-specific dye propidium iodide in the dark and DNA contents were measured 

by flow cytometry with a BECTON DICKINSON FACSCalibur instrument.
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Table 2.1 Basis experiments (selected from (Spellman et al. 1998)) for analysis of the 
yeast cell cycle. Each basis experiment represents the average of the three 
microarray experiments indicated.
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Chapter 3: Large-scale quantitation of the yeast proteome by tandem 
mass spectrometry

Now more than 150 genomes, including the human genome, have been fully 

sequenced and exist in the public domains. The availability of complete sequence 

databases for different organisms not only promotes the fast development of DNA 

microarray - based gene expression study, but also provides a platform for the large-scale 

analysis of the proteome (Goodlett et al. 2002; Sechi et al. 2003) . 

Traditionally, proteomic analyses of complex samples require the resolution of 

proteins using one-dimensional or two-dimensional polyacrylamide gel electrophoresis. 

Then the proteins from interesting bands or spots are excised and identified by mass 

spectrometry (Pandey et al. 2000; Rabilloud 2002). Using the gel-based analysis, large-

scale proteome study remains challenging because the individual extraction, digestion, 

and identification of each band or spot are a tedious and time-consuming process. Now 

more and more groups are exploring non-gel-based chromatography systems to separate 

and identify thousands of proteins from complicated biological samples. For example, the 

shotgun method pioneered by Yates and colleagues (Washburn et al. 2001; Washburn et 

al. 2002), integrates multidimensional liquid chromatography, tandem mass 

spectrometry, and database searching algorithms together. In our proteomics study, as 

shown in Figure 3.1, proteins from cell extractions were first proteolytically digested to 

peptides by trypsin (Hunt et al. 1986). All peptides were partially purified by strong 

cation exchange and reverse phase chromatography, and then injected into an 

electrospray tandem mass 
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Figure 3.1 The combination of HPLC and tandem mass spectrometry allows the
identification of hundreds of proteins from complex biological samples. 
 
In this approach, mass spectra are generated for proteolytic peptides through the illustrated 
steps. Thousands of spectra may be generated, requiring sophisticated computational 
methods to match these spectra against spectra derived from databases of amino acid 
sequences. (Adapted from (Marcotte 2001) ) 
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spectrometer (MS/MS). The mass spectrometer could efficiently separate the peptide 

mixtures and automatically choose the most abundant peaks for sequencing. To identify 

proteins from which the sequenced peptides derived, each MS/MS spectrum was 

compared against theoretical spectra of candidate proteins in the database, and the scores 

were given to rank the most likely assignments. So far, there are several popular software 

packages used for database searching, for example, Mascot (Perkins et al. 1999), Sequest 

(Eng et al. 1994), ProteinProspector (Clauser et al. 1999), and PowL Profound 

(prowl.rockefeller.edu/). We used Sequest for database searching , Peptide-prophet 

(Keller et al. 2002) and Protein-prophet (Nesvizhskii et al. 2003) for data filtering and 

confidence estimation. 

The increasingly popular conception of proteomics now is not simply defined 

as the construction of a second parts list - the list of expressed proteins, but as an assay 

system (Marcotte 2003). In order to serve as a ‘phenotype’ for a given cell state, 

quantitative measurement of the proteome requires accurate, rapid, and reproducible 

measurement of the abundance of each expressed protein (Aebersold et al. 2003; 

Marcotte 2003). However, for mass spectrometry (MS), the ionization efficiency is quite 

variable for peptides of different sequences or even identical peptide from different spots 

or from different elution times during on-line HPLC, which largely limits the quantitation 

ability (Goodlett et al. 2002). From 1999 when the technique of stable isotope dilution 

was first introduced into quantitative proteomics field (Gygi et al. 1999; Ljiljana Paa-Toli 

1999; Oda et al. 1999), several groups have investigated various methods for determining 

the relative abundance of proteins expressed between different states of the same or 

similar biological systems by MS (Mirgorodskaya et al. 2000; Yao et al. 2001; Conrads 

et al. 2002; Washburn et al. 2002; Yi et al. 2005).  As summarized in Figure 3.2, 
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Figure 3.2 Schematic representations of different methods for stable-isotope 
protein labeling for quantitative proteomics. 
 
a Proteins are labeled metabolically by culturing cells in media that are 
isotopically enriched; b Proteins are labeled at specific sites with 
isotopically encoded reagents. The reagents can also contain affinity tags, 
allowing for the selective isolation of the labeled peptides after protein 
digestion; c Proteins are isotopically tagged by means of enzyme-catalyzed 
incorporation of 18O from 18O water during proteolysis. Each peptide 
generated by the enzymatic reaction carried out in heavy water is labeled at 
the carboxyl terminal. In each case, labeled proteins or peptides are 
combined, separated and analyzed by tandem mass spectrometry for the 
purpose of identifying the proteins contained in the sample and determining 
their relative abundance. The patterns of isotopic mass differences 
generated by each method are indicated schematically. (Adapted from 
(Aebersold et al. 2003) ) 
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although different mechanisms were used for stable-isotope labeling, the common idea 

for them is to introduce internal standards for each peptide during MS measurement. The 

ratio of signal peak intensities for isotopic peptide pairs can accurately represent the 

abundance ratio for the same analyte in different biological samples since such isotopic 

analyte pairs are differentiated in the MS detection owing to their isotope mass difference 

(Aebersold et al. 2003). In our quantitation study for the yeast proteome, we used the 

metabolic labeling strategy with nitrogen, in which experimental yeast samples were 

grown in the minimal medium with natural isotope 14N, while reference samples were 

grown with heavy isotope 15N.

Note that the measurements described above yield only "relative" quantities, 

whereas "absolute" protein quantitation requires the extension of the stable isotope 

dilution in which known amounts of isotopically labeled peptides are added to the digest 

(Barr et al. 1996). Gerber et al. provided an “AQUA” strategy by synthesizing peptides 

with incorporated stable isotopes as ideal internal standards to mimic native peptides 

formed by proteolysis (Gerber et al. 2003). In contrast to the current quantitation using 

the peak intensity ratios of isotopically labeled peptides, we propose a novel statistical 

algorithm based on the proportionality between the abundance of a protein and the 

corrected number of its peptides observed in the shotgun proteomics experiment, to 

calculate the absolute abundance of the yeast proteome. In the test experiments, Protein 

Enrichment Index (PEI), derived from protein sampling depth (MacCoss et al. 2002) of 

the yeast proteome by the shotgun method, not only correlates well with the global 

quantitation of the yeast proteome by western blot and two-dimensional gel 

electrophoresis analysis (Futcher et al. 1999; Ghaemmaghami et al. 2003), but also has a 
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decent correlation with the corresponding mRNA abundance measured by Affymetrix 

microarrays (Bulik et al. 2003). 

RESULTS

MudPIT set-up and improvement 

The application of mass spectrometry in protein identification from complicated 

biological mixtures is becoming a widely used method. Multidimensional Protein 

Identification Technology (MudPIT) combines multidimensional liquid chromatography, 

tandem mass spectrometry, and database searching algorithms (Washburn et al. 2001). 

We applied this powerful technique in the large-scale yeast proteome study. During log-

phase growth, about 4000~5000 proteins are expressed in yeast cells and the yeast 

proteome shows an enormous dynamic range, varying from fewer than 50 to more than 

106 molecules per cell (Ghaemmaghami et al. 2003). In the complicated yeast cell lysates, 

the number of co-eluting peptides drastically exceeded the number of peptides that 

tandem MS can sequence. Data acquisition showed a strong bias against the low-

abundance peptides and only ~300 of the most abundant proteins in the yeast soluble 

lysates were identified with high confidence.

To improve sampling efficiency and reduce acquisition bias, we utilized narrow 

mass range scans to “gas-phase” fractionate ions (Liu et al. 2004). Gas-phase 

fractionation (GPF) indicates the separation of peptide ions in the gas-phase of the mass 

spectrometer based on their m/z values (Davis et al. 2001; Spahr et al. 2001). Combined 

with two-dimensional HPLC separations, GPF of peptide ions can extend the effective 

dynamic range and produce a deeper interrogation of the yeast proteome sample. In our 
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LC/LC/MS/MS exploration of the yeast proteome, three iterative analyses were 

performed across the cumulative scale from 300 to 1500 m/z and divided into three 

narrow mass ranges: 300–680, 680–900, and 900–1500 m/z (see Figure 3.3). Since the 

chromatography behavior of peptides correlates closely with the amino acid 

compositions, for example, the number of basic residues (Resing et al. 2004), the elution 

time for the same sample varies in different narrow mass ranges. To avoid elution 

congestion and distribute the peptides evenly, we customized chromatography gradient 

programs for each gas phase fraction (see Figure 3.3). These improvements doubled the 

number of proteins that can be detected in the yeast soluble lysates following previous 

procedures.

Quantitation by metabolic labeling with nitrogen

While qualitative proteomic analyses play an important biological role in 

identifying proteins in complexes, quantitative protein profiling is another essential part 

of proteomics study with the rapid progress in stable-isotope dilution techniques (Sechi et 

al. 2003). To determine the relative abundance of the yeast proteome, we used the 15N 

metabolic labeling yeast cell lysates as internal standards for the quantitation study. As 

shown in Figure 3.4, test sample (α-factor synchronized yeast) and reference sample 

(unsynchronized yeast) were grown in 14N or 15N minimal media individually. Then 

soluble cell lysates were extracted from two samples, calibrated and digested separately. 

Peptide mixtures with different nitrogen isotopes were combined at 1:1 ratio and 

examined using established MudPIT. Because of the mass difference between 14N and

15N, the same peptides from test sample or reference can be separated in the MS 

spectrum. For example, Figure 3.5 shows the chromatography spectrum full of isotope-

paired peptide peaks, which was the 1st salt step of α-factor synchronized yeast sample. 
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Figure 3.3 Chromatography spectrum of yeast proteome using gas-phase 
fractionation (GPF). 
 
In the LC/LC/MS/MS experiments, three iterative analyses were performed 
across the cumulative scale from 300 to 1500 m/z and divided into three 
narrow mass ranges: 300–680, 680–900, and 900–1500 m/z.
Chromatography gradient programs were customized for each gas phase 
fraction to distribute peptide elutions evenly. 
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Figure 3.4 Schematic representation of 14N/15N stable-isotope labeling 
method for the relative quantitation of the yeast proteome by MudPIT. 
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Figure 3.5 Chromatography spectrum of 14N/15N stable-isotope labeling 
experiment - 1st salt step of LC/LC/MS/MS. 
 
Because of the mass difference between 14N & 15N, the same peptides from 
test sample or reference can be separated in the MS spectrum. Ideally the
integration of intensity ratios from the isotope-paired peaks can determine 
the relative abundance of proteins from the test sample. 
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Ideally the relative quantitation of proteins from test sample can be determined by 

intensity ratios of the isotope-paired peaks. In total, we identified 541 14N natural proteins 

in the test sample and 484 15N-labled proteins in the reference, about 50% of which are 

overlapping. 

ASAPRatio (Li et al. 2003) and RelEx (MacCoss et al. 2003) are two public 

software available for the measurement of ion-intensity ratios between a peptide with 

natural stable isotope (14N) and its 'spiked' internal standard enriched with a 'heavy' stable 

isotope (15N). Now we are setting up these software and expect that the application of 

them can lead to the automatic integration of isotope-paired peptide peaks and reduce the 

time cost of data analysis. 

Novel statistical protein quantitation method 

Compared with stable-isotope dilution techniques that depend on the peak 

intensity ratios of isotopically labeled peptides for relative quantitation, we propose a 

novel statistical algorithm to calculate the abundance of the yeast proteome by MudPIT. 

As explained in Figure 3.6, since the observed MS/MS scan numbers from peptides of 

protein i are proportional to the fraction of digested peptides from protein i in the cell 

lysate sample injected into MS, the maximum likelihood estimation of the abundance or 

the copies of protein i can be calculated from the given proportionality: 
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where ‘ci’, ‘Oi’ and ‘ni’ individually stand for the copy numbers (abundance) of protein i

in the injected MS sample, the sum of probability of observing each digested peptide 

from protein i and the observed MS/MS scan numbers from peptides of protein i. To 

further improve this algorithm, three adjustments were made for the formula: first, as 

‘ΣCi x Oi’ is approximately constant for the given analysis by MudPIT standard 

protocols, we replaced it by the constant multiplier A and usually ignored it in the 

experiments with the same organism; second, we used ‘pi’, the output of Protein-prophet 

(Nesvizhskii et al. 2003) protein identification analysis, to present the probability that 

protein i is present in the sample on the basis of its peptides assigned to MS/MS spectra; 

third, assuming a flat prior expectation for peptide ionization efficiencies, we reduced 

‘Oi’ to ‘Ni’ , the theoretical number of tryptic peptides that can be detected by tandem MS 

from protein i. Then the copy numbers of protein i in the sample, defined as Protein 

Enrichment Index (PEI) can be organized as:

To examine whether PEI can accurately reflect the proteome abundance in the cell 

lysate, we grew yeast cells in YPD media to mid-log phase and calculated PEI of the 

yeast proteome from MudPIT results. Altogether we collected 3 biological replicates and 

the PEI values are highly reproducible across replicate analyses (Spearman rank 

correlation coefficient Rs = 0.92, see Figure 3.7). Using the published data for yeast 

samples grown in the same condition (Futcher et al. 1999; Bulik et al. 2003; 

Ghaemmaghami et al. 2003), we compared the integrated PEI of the yeast proteome 
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across replicates with the yeast proteome abundance determined by other traditional 

approaches. As displayed in Figure 3.8, the PEI values of our yeast proteome data 

correlate well with the protein abundance measured by 2D-gel electrophoresis (Rs = 0.71) 

and comprehensive western-blot analysis (Rs = 0.60) (Futcher et al. 1999; 

Ghaemmaghami et al. 2003). At the same time, we observe a significant relationship 

between mRNA levels, as measured by the earlier Affymetrix microarray analysis of log-

phase yeast, and PEI values of the yeast proteome (Rs = 0.67, see Figure 3.9) (Futcher et 

al. 1999; Bulik et al. 2003). The F-tests of the simple linear regression on all above 

comparisons show p < 0.001, demonstrating that these correlations are significant. All 

these further support the notion that PEI values calculated from MudPIT experiments 

stand for the abundance of the measured proteome.
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Figure 3.6 A novel statistical protein quantitation method for shotgun proteomics.
We propose a novel statistical protein quantitation method based on the 
proportionality between the abundance of a protein and the corrected number of its 
peptides observed in the shotgun proteomics experiment, to calculate the absolute 
abundance of sampled proteome. PEI (protein expression index) is the output of this 
method and stands for the abundance of the measured protein. 
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Figure 3.7 PEI values of yeast proteome are highly reproducible across biological 
replicates.  
 
We grew yeast cells in YPD media to mid-log phase and collected 3 biological 
replicates. PEI values of the measured yeast proteome are highly reproducible across 
replicate analyses (Spearman rank correlation coefficient Rs = 0.92). 

0.0001

0.001

0.01

0.1

1

10
0.0001 0.001 0.01 0.1 1 10

PEI of replicate I  (Log)

P
E

I of
replicate II  (L

og)



42

A
P

E
I 

of
 y

ea
st

 p
ro

te
om

e
(L

og
)

0.00001

0.0001

0.001

0.01

0.1

1

10

1 10 100 1000 10000 100000 1000000 10000000

Yeast Proteome abundance (Log) – 2D gel

B

P
E

I 
of

 y
ea

st
 p

ro
te

om
e

(L
og

)

0.00001

0.0001

0.001

0.01

0.1

1

10

1 10 100 1000 10000 100000 1000000 10000000

Yeast Proteome abundance (Log) – Western blot

Figure 3.8 PEI values of the yeast proteome correlate well with the protein abundance 
measured by 2D-gel electrophoresis (A) and comprehensive western-blot analysis (B).
We grew yeast cells in YPD media to mid-log phase and collected 3 biological 
replicates. PEI values of the yeast proteome across replicates correlate well with the 
published proteome data measured by traditional approaches for yeast samples grown 
in the same condition: (A) the yeast proteome abundance measured by 2D-gel 
electrophoresis (Rs = 0.71) (Futcher et al. 1999); (B) the yeast proteome abundance 
measured by comprehensive western blot analysis (Rs = 0.60) (Ghaemmaghami et al. 
2003).
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Figure 3.8 PEI values of the yeast proteome correlate well with the mRNA abundance 
measured by Affymetrix microarray analysis. 
 
We grew yeast cells in YPD media to mid-log phase and collected 3 biological 
replicates. PEI values of the yeast proteome across replicates correlate well with the 
published mRNA abundance data measured by affymetrix microarray analysis of log-
phase yeast across 3 replicates (Rs = 0.67) (Bulik et al. 2003). 
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DISCUSSION

One modest goal of proteomics is to collect protein expression data to the similar 

level that one can now collect mRNA expression data with DNA microarrays (Marcotte 

2001). Advances in the application of mass spectrometry over the last 10 years, in 

conjunction with database-search algorithms, have opened the door for the identification 

and quantification of proteins with exceptional speed. Compared with large-scale western 

blot analyses of the yeast proteome, however, the efforts to quantify protein levels using 

multidimensional mass spectrometry are strongly biased towards the detection of 

abundant proteins (Ghaemmaghami et al. 2003). To improve sampling efficiency and 

reduce data acquisition bias, we used gas-phase fractionation and customized 

chromatography gradient programs in our MudPIT study. Although the full mass range 

300 to 1500 m/z is only divided into three narrow ones, we identified over 600 proteins in 

the yeast soluble lysate with high confidence, which doubled the proteins that were 

detected by the previous procedures. If it is necessary to get an even deeper interrogation 

of the yeast proteome or to utilize this method for more complicated cell lysates, the 

measured sample can be repeatedly analyzed using more narrow m/z ranges as survey 

scans, for example, Resing et al identified 5,130 unique proteins from human K562 cell 

lysate using 16 gas-phase fractions (Resing et al. 2004). While comprehensive western-

blot analysis has a higher dynamic coverage in the yeast proteome study, the improved 

MudPIT method is more promising in the proteomics field since large-scale western-blot 

analysis is really laborious and almost impossible for most organisms at current stage. 

Based on different mechanisms for stable-isotope incorporation, the most 

important techniques in quantitative proteomics with MS, stable-isotope dilution can be 

grouped into 3 categories: metabolic labeling, isotope tagging by chemical reaction and 
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isotope labeling via enzyme reaction (Aebersold et al. 2003). While ICAT (Isotope 

Coded Affinity Tags) can achieve slightly better results for protein quantitation (Gygi et 

al. 1999), metabolic labeling with 15N is much more cost-efficient in the yeast proteome 

quantitation study (Washburn et al. 2002). In the test experiment, we successfully 

identified 541 14N natural proteins in the synchronized yeast sample and 484 15N-labled 

proteins in the unsynchronized reference. Once the software for the automatic integration 

of isotope-paired peptide peaks are set up, the time cost of data analysis will be greatly 

reduced. 

In contrast to the stable-isotope dilution techniques, we propose a novel statistical 

method to calculate the absolute abundance of the yeast proteome, improving the spectral 

sampling method produced by Liu et al. (Liu et al. 2004). Protein Enrichment Index 

(PEI), the output of our method, of the yeast proteome by MudPIT is not only highly 

reproducible across replicate analyses, but also correlates fairly well with the global 

quantitation of the yeast proteome by western blot and two-dimensional (2D) gel 

electrophoresis analysis (Futcher et al. 1999; Ghaemmaghami et al. 2003). Since the 

MudPIT technique has a bias toward abundant proteins and the small datasets provided 

by 2D gel electrophoresis analysis represent the most abundant yeast proteins, Spearman 

rank correlation coefficient between PEI and protein abundance measured by 2D gel 

electrophoresis is higher than that between PEI and protein abundance measured by 

comprehensive western-blot analysis. Actually a higher level correlation may exist 

between our method and western-blot analysis, but the following factors hinder it: 1) our 

study used a different yeast strain and log-growth cells in contrast to the western-blot 

study; 2) we assumed a flat prior expectation for peptide ionization efficiencies in our 

method, however, several factors, such as peptide length and cysteine composition, could 
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affect the peptide ionization efficiencies (Washburn et al. 2001); 3) the insertion of a C-

terminal epitope tag into yeast ORFs may have disrupted the expression or turnover of 

some proteins, then leading to the abundance deviation in the western-blot measurement 

(Ghaemmaghami et al. 2003). In the test experiments, the PEI values of our data also 

have a significant correlation with the mRNA abundance measured by the earlier 

Affymetrix microarray replicate analysis of log-phase yeast (Futcher et al. 1999; Bulik et 

al. 2003) although posttranscriptional regulation and the saturation in the microarray 

hybridizations (high-abundance mRNA were systematically underestimated) may lead to 

the deviation between mRNA and protein abundance correlation.

Our statistical protein quantitation method provides a simplistic way to measure 

the abundance of proteins from any sequenced organism, and potentially an approach to 

measure large expression changes of proteins between different samples without the use 

of stable isotope labels and without laborious work. In the future, after the proper 

classifiers for different peptide ionization efficiencies are figured out, we expect this 

method can offer a more accurate and efficient measurement of protein abundance.

MATERIALS AND METHODS

Yeast strains

Saccharomyces cerevisiae strain used in this study is DBY8724 (MATa  GAL2 

ura3 bar1::URA3) (Spellman et al. 1998).
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Media and growth conditions

DBY8724 yeast cells were grown in either YPD (2% yeast extract, 1% peptone, 

2% glucose) or synthetic minimal medium (YMD) containing 0.7% yeast nitrogen base 

without amino acids and ammonium sulfate (DIFCO Bacto), 2% glucose, 5g/l 14N or 15N 

ammonium sulfate, supplemented with 14N or 15N uracil (20 mg/L). Cultures of yeast were 

shaken at 250 rpm, in a volume no more than 35% of the vessel maximum at 30•.

Generation of total yeast cell lysates and digestion of soluble fraction

Total cell protein extracts were obtained by glass bead lysis (Xue et al. 2000). 

Briefly, DBY8724 yeast cells grown in YPD or YMD to an OD600 about 0.6-0.8, were 

collected by centrifugation, washed, and resuspended in 2 volumes of lysis buffer (20mM 

Tris-HCl, 100mM NaCl) containing 1% protease inhibitor cocktail set I stock solution 

(Calbiochem, CA) and 4 volumes of glass beads. The samples were vortexed 10 times 

and 1min/time at 4 °C. The extracts were collected and centrifuged at maximal speed for 

30min to pellet unlysed cells and insoluble. The supernatants were removed to clean 

tubes and the concentrations of soluble protein extracts were measured by Bradford assay 

(Bio-Rad, CA). Then soluble protein extracts were diluted in digestion buffer (50mM 

Tris HCL pH8.0, 1.0M Urea, 2.0mM CaCl2) to 4 mg/ml, denatured at 95°C for 10min, 

and digested with sequencing grade trypsin (Sigma, MO) at 37°C for about 20 hours.

LC/LC/MS/MS analysis

The LC/LC/MS/MS analysis was performed using a ThermoFinnigan 

Surveyor/DecaXP+ instrument. Tryptic peptide mixtures were separated by automated 

two dimensional-high performance liquid chromatography. Chromatography was 
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performed at 2µL/min with all buffers acidified with 0.1% formic acid. Chromatography 

salt step fractions were eluted from a strong cation exchange column (SCX) with a 

continuous 5% acetonitrile (ACN) background and 10 minutes salt bumps of 0, 20, 60 

and 900 mM ammonium chloride. Each salt bump was eluted directly onto a reverse 

phase C18 column and washed free of salt. Reverse phase chromatography was run in a 

125 minutes gradient from 5% to 55% ACN, and then purged at 95% ACN.  

Peptides were analyzed online with electrospray ionization (ESI) ion trap mass 

spectrometry (MS) (Link et al. 1999; Washburn et al. 2001). In each MS spectrum, the 6

tallest individual peaks, corresponding to peptides, were fragmented by collision-induced 

dissociation (CID) with helium gas to produce MS/MS spectra. Gas phase fractionation 

(GFP) was used to achieve maximum proteome coverage (Yi et al. 2002). In order to 

increase coverage of lower abundance proteins, each tryptic peptide mixture was 

analyzed by three sequential LC/LC/MS/MS analyses, in each case examining a different 

mass/charge (m/z) range (300–650, 650–900, and 900–1500 m/z) for data-dependent 

precursor ion selection for CID; fragmentation data from the three runs were then 

combined for analysis.

The TurboSequest (Eng et al. 1994) algorithm was run on each dataset against the 

Saccharomyces cerevisiae database from the National Center for Biotechnology 

Information. In metabolic labeling quantitative experiment, each sample was run twice to 

separately detect and identify peptides from the 14N minimal media sample and from the 

15N minimal media sample by using two separate TurboSequest parameter files where the 

masses of each amino acid were set to the corresponding growth conditions and nitrogen 

content therein. Specifically, to search the data set for peptides where all of the amino 
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acids were fully 15N labeled, the mass of each amino acid needed to be statically modified 

to an increased mass depending on the number of nitrogen atoms in that amino acid. 

Finally the probability of observing each peptide or protein, the unique and total peptide 

numbers for each observed protein in a given proteomics experiment were calculated 

using PeptideProphet (Keller et al. 2002) and ProteinProphet (Nesvizhskii et al. 2003). 

The list of theoretical unique peptide numbers for each protein was obtained from the 

same TurboSequest Saccharomyces cerevisiae database using Aleksey Nakorchevsky’s 

program.
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Chapter 4:  Global Quantitation of Cellular Metabolites by 1H-13C 2D-
NMR

The focus of current high-throughput biology research has shifted from 

sequencing to identifying the precise roles of genes by systematic analysis of their 

functions, interactions, and expression patterns (Eisenberg et al. 2000; Phizicky et al. 

2003). Genome-wide techniques for monitoring mRNA (transcriptome) (Lockhart et al. 

2000) and protein (proteome) (Aebersold et al. 2003) expression levels are well on their 

way to becoming mainstream tools, but an open functional genomics challenge is the 

establishment of technologies for monitoring the metabolome. Current technologies for 

“metabolomics” are based on mass spectrometry (MS) and nuclear magnetic resonance 

spectroscopy (NMR). Mass spectrometers are generally more sensitive and have proved 

effective for the analysis of both proteins and small-molecules (Glassbrook et al. 2000), 

for example, mapping ~300 metabolites from plant extracts, roughly half of which could 

be identified (Fiehn et al. 2000), with the gas chromatography/mass spectrometry of 

derivatized cellular metabolites (Fiehn et al. 2000). However, the use of NMR for 

analyzing complex biological samples has a long history in medical applications such as 

analyzing metabolite changes in human and animal body fluids from different disease 

states(Sze et al. 1990; Lindon 1996), with NMR offering a technique for monitoring 

metabolites that is non-invasive and compatible with living cells (Unkefer et al. 1984; 

Reo 2002). 

In order to minimize sample acquisition time, NMR-based metabolomics studies 

typically employ one-dimensional 1H-NMR. The high spectral congestion of 1H-NMR 
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spectra from complex biological samples, however, limits the number of metabolites that 

can be uniquely identified and quantified, complicating interpretation of resonances with 

contributions from multiple metabolites. Signal processing algorithms have been 

successfully used to group these complex 1H-NMR spectra, in effect treating these 

uninterpreted spectra as fingerprints characteristic of a given metabolome (Raamsdonk et 

al. 2001; Viant et al. 2003). Since virtually all metabolites contain both carbon and 

hydrogen, a natural extension of NMR-based metabolic profiling is multinuclear NMR 

(Lindon et al. 2003), in which many peaks in a 1H-NMR experiment are separated along a 

second 13C dimension, taking advantage of the extended 13C NMR spectral range (~200 

ppm) over 1H NMR (~15 ppm). 

Here we demonstrate that 1H-13C 2D-NMR is an effective approach for 

metabolomics, reproducibly measuring changes in the yeast metabolome across varying 

experimental conditions. Taking advantage of a linear relationship between metabolite 

concentration and the analytical signal over 3 orders of magnitude of concentration, we 

quantified ~300 of the most abundant yeast metabolite peaks and assigned over one third 

of them by correlation spectroscopy and spiking experiments. Hierarchical clustering and 

principal component analysis (PCA) of the resulting data reveal high reproducibility 

among measurements of biological replicates’ metabolomes and significant variation 

between wild-type yeast and a yeast strain defective in one-carbon metabolism. A 

detailed comparison of their metabolomes with known metabolic pathways is discussed 

in Chapter 5.
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RESULTS

Metabolome Sample Preparation

When large quantities of soluble metabolites in biological samples need to be 

detected simultaneously, adequate methods for sample preparation should be considered 

carefully (Fiehn et al. 2000). Compared to plants, cell walls of yeast are even tougher and 

good extraction methods for plants may not work well for yeast. Therefore, we sought to 

find a proper extraction method for the yeast metabolome study. Perchloric acid method 

and boiling treatments were tried to extract metabolites from the yeast samples. Although 

NMR spectra from both methods were similar, perchloric acid treatment was ultimately 

adopted in our study. The advantages of perchloric acid treatment were further explained 

in the following discussion part. Figure 4.1 left showed the 1H-13C 2D-NMR spectrum 

from the DAY4a metabolome extract. Approximately over 300 metabolite peaks were 

consistently observed in such spectra and the chemical shifts for these peaks were listed 

in Supplementary Table I.

Quantifying metabolites by 1H-13C 2D- NMR

In comparison with 1H-NMR, 1H-13C 2D-NMR takes advantage of the extended 

13C NMR spectral range (~200 ppm) and greatly reduces the overlap between peaks in the 

spectrum, allowing their accurate identification and quantitation. 

Metabolite identification, or metabolite assignment means identifying the unique 

NMR resonance frequency (or chemical shift) of each chemically unique proton or 

carbon within the metabolites. In collaboration with Anu Rangan, proton detected C13-
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Soluble metabolite extract Intact yeast cells

Figure 4.1 Comparison of 1H-13C NMR spectra from soluble yeast metabolite extracts 
and intact yeast cells. 
 
The metabolome of yeast cell lysates (left panel) compares favorably with that of 
intact yeast cells (right panel). Each panel shows the 1H-13C spectrum of yeast 
metabolites from the same 1.5L culture of mid-log phase DBY8724 yeast cells. The 
soluble metabolome was extracted from 500 ml of the yeast culture; the remaining 
yeast were loaded directly into the NMR tube without lysis and analyzed intact. The 
horizontal line of peaks near 4.7ppm in 1H chemical shift is due to the NMR signal of 
water in the samples. 
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H1 correlated spectroscopy, COSY, TOCSY and carbon 1D spectra were used for the 

resonance assignment of metabolites in NMR spectra from yeast extracts. For example,

using a NMR sample from the DBY8724 metabolome extract, the resonance assignment 

of lysine by proton detected C13-H1 correlated spectroscopy is shown in Figure 4.2A and 

Figure 4.2B illustrates the resonance assignment of lysine by proton-proton correlated 

spectroscopy. Altogether, identities of over 100 metabolite peaks are assigned and 

correspond to more than 30 distinct metabolites, including amino acids, 

monosaccharides, nucleotides and various other small molecules. Figure 4.3 shows 

sections of the 1H-13C 2D-NMR spectrum of a yeast cell extract labeled by the individual 

metabolite assignment. The remaining about 200 metabolite peaks are consistently 

observed and measured but unassigned.

To be useful for metabolite profiling, 1H-13C 2D-NMR must be both quantitative 

and reproducible. To test the correlation between 1H-13C 2D-NMR signal intensities and 

metabolite abundance, we spiked yeast cell extracts with known amounts of reference 

compounds and measured the changes in metabolite peak heights. As shown in Figure 

4.4A, the NMR peak heights vary linearly with the abundance of metabolites in the

sample and this linear relationship exists over at least 3 orders of magnitude of 

concentration. Tests with amino acids, carbohydrates, nucleotides and other metabolites 

gave similar results (data not shown). From spiking experiments such as these, the 

absolute amount of a metabolite in the sample can be obtained (Figure 4.4B), and by 

correcting for cell mass, the absolute cellular concentration of the metabolite can be

estimated.  For example, we observed ~76 µg histidine in wild-type yeast samples—

based on the cell mass analyzed (0.6g), this implies the cellular histidine concentration is 

roughly 500 µM, assuming the accessible volume of typical yeast cells at 0.6 ml/g 
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Figure 4.2B The resonance assignment of lysine by proton-proton correlated                    
spectroscopy. 
 

Val-CH3
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CH2
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Figure 4.2A The resonance assignment of lysine by proton detected C13-H1                    
correlated spectroscopy. 
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Figure 4.3 1H-13C 2D-NMR spectrum of the yeast metabolome labeled by the 
individual metabolite assignment. 
 
Sections of a 1H-13C correlated HSQC NMR spectrum of the DAY4 yeast 
metabolome. Assignments of labeled compounds were verified by spiking 
experiments (data not shown). Peaks labeled by P# are measured but unassigned to 
specific compounds.  
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Figure 4.4 Peak heights in 2D NMR spectra vary linearly with metabolite 
concentration over at least three orders of magnitude and are highly reproducible.  
 
(A) Spiking of a yeast lysate with known amounts of three amino acids shows that the 
2D-NMR peak heights increase linearly with the amount of compound added. (B) The 
x-intercept of the peak height-concentration curve reveals the absolute amount of 
histidine present in the original sample. Correcting for the estimated cell mass in the 
sample tube gives an absolute cellular concentration of ~500 µM histidine. (C) 
Comparison of the measured peak heights for 200 2D-NMR peaks from 12 pairs of 
biological replicate metabolome samples (2,400 comparisons in total) demonstrates 
the high reproducibility of 2D-NMR. 
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(Arnold et al. 1977). The estimated sensitivity of 1H-13C 2D-NMR based on detection of 

the internal control is ~50 µM, using a conventional 500 MHz spectrometer, the natural 

abundance of 13C, and a data collection time of 11 hours. To examine reproducibility, we 

compared quantitation of NMR peak heights from 12 pairs of biological replicate 

metabolome samples (2400 peak pairs in total), which is shown in Figure 4.4C. 

Quantitation was highly reproducible (R = 0.95), demonstrating that the variability 

introduced by sample preparation and 1H-13C 2D-NMR measurement is minimal and 

compares favorably to GC/MS (Fiehn et al. 2000). 

Another strengths of NMR are its noninvasiveness and its potential to study cell 

cultures and tissues in vivo (Reo 2002); these led us to test 2D-NMR as a method for 

metabolite profiling in intact yeast cells. Figure 4.1 illustrates the comparison between 

the metabolome measured from a yeast cell lysate (left panel) and that of intact yeast 

cells (right panel). The distribution of metabolite peaks from the intact cell spectrum is 

quite similar to that from the cell extract, although the protocol used for extracting 

metabolites probably results in the removal of compounds with limited aqueous 

solubility. The broadness of the peaks in the spectrum of the intact cells is likely due to 

the slower tumbling of metabolites in the intact cells. It appears that only minimal bias in 

the metabolite population is introduced by the sample preparation.

Application of 1H-13C 2D-NMR in one carbon metabolism

In order to demonstrate that 1H-13C 2D-NMR can be employed as a tool for the 

metabolomics research, we applied it to metabolically profile yeast cells that exhibit 

defective one-carbon metabolism as their growth conditions and nutritional status are 

varied. Wild type yeast (DAY4) and the Chimera-1 Methylenetetrahydrofolate reductase 



59

(MTHFR) mutant SCY4 were grown separately to mid-log phase in serine or 

glycine+formate media and their lysates were analyzed by 1H-13C 2D-NMR. The data 

were then normalized and organized via two unsupervised data mining tools, hierarchical 

clustering and principal component analysis (PCA), algorithms successfully used in 

microarray-based mRNA expression surveys (Eisen et al. 1998). Applying these tools to 

the metabolome data revealed the major trends present. As shown in Figure 4.5, yeast 

samples grown in the same media tend to have similar metabolomes (columns in Figure 

4.5), indicated by their tendency to cluster together by their metabolic profiles. The 

primary division between the cells correlates with their growth media, indicating that 

nutritional status plays an important role in determining the metabolomes. In serine 

medium, there is only subtle difference between the metabolite profiles of DAY4 and 

SCY4, while the difference becomes much more prominent in the glycine+formate 

medium. This correlates with the previous observation that the growth rates of these two 

strains were similar in serine minimal medium, yet the doubling time of SCY4 was nearly 

twice as long as DAY4 in glycine+formate medium (Roje.S. 2002). Hierarchical 

clustering of the metabolites by their abundance profiles across samples (rows in Figure 

4.5) indicates that metabolites responding in a similar fashion across samples cluster 

together, as do NMR peaks derived from the same metabolites, demonstrating the 

accuracy and reproducibility of 1H-13C 2D-NMR for metabolite profiling.

Principle component analysis (PCA) is a powerful technique for summarizing the 

major variation in data.  In PCA, the dimensionality of a data set is reduced by 

projecting the original data along new coordinate axes (the principle components) that 

capture the major trends in the data. Principal components (PC’s) are linear 

transformations of the original sets of variables, uncorrelated and ordered, with the first 
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Figure 4.5 Unsupervised hierarchical clustering of DAY4 and SCY4 metabolic 
profiles in different nutritional states. 
 
The clustering result reveals details of variation between the internal metabolic states 
of the cells. Each strain/condition was analyzed in triplicate. 2D-NMR metabolite 
peaks correspond to the rows, with columns representing strains/experimental 
conditions. The normalized magnitude of each 2D-NMR peak height is indicated by 
color, with red indicating an increase in metabolite abundance compared with the 
median abundance of that metabolite across all samples, green indicating a 
corresponding decrease in abundance, and black for the median level of abundance. 
Absent data or data of low quality were filled by the NMR peak background threshold 
level. 
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few PC’s containing most of the variation in the original data set (Duda et al. 2001).

These broad trends in the hierarchical clustering data are more apparent after 

principle component analysis, which organizes the samples or metabolites according to 

the major sources of variation in the data. Plotting the samples according to the PCA 

analysis (Figure 4.6A) again shows that biological replicates cluster most strongly, and 

the DAY4 and SCY4 cells in serine media appear to have similar metabolomes, but 

shifting to glycine+formate media induces significant changes to each metabolome. 

Plotting the metabolites according to the PCA analysis (Figure 4.6B) indicates major 

changes in the metabolite population as the genotypes or growth media are changed. 

Unlike simple clustering, the PCA analysis reveals which metabolites’ changes are most 

strongly correlated to the SCY4-specific defect in glycine+formate media, with 

corresponding increases in S-adenosylmethionine, methionine, glutathionine, glutamine, 

proline, and histidine, and decreases in leucine, lysine, ornithine and glycerol. Detailed 

comparison of the measured metabolomes with known metabolic pathways and the 

possible insight mechanisms involved in one carbon pathway are further discussed in 

Chapter 5.
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Figure 4.6 Principle component analysis (PCA) of DAY4 and SCY4 in different 
nutrition states. 
 
PCA analysis reveals that DAY4 and SCY4 metabolic states resemble each other in 
serine media, but differ dramatically when shifted to glycine+formate media. (A) 
Relationships among the experiments are revealed by projecting the metabolic profiles 
of the 12 experimental samples onto the first two principle components. There are four 
clear groupings, with each biological triplicate clustering strongly. Principle 
component 1 corresponds largely to metabolic changes due to cell nutritional status, 
while principle component 2 corresponds largely to the strain-specific differences in 
the metabolome. (B) Relationships among metabolites are revealed by performing a 
second principle component analysis of the metabolites’ expression profiles across the 
12 experiments and projecting each metabolite expression profile onto the resulting 
first two principle components. NMR peaks derived from the same metabolite cluster 
together.  Locations of metabolites in the plot indicate the contributions of these 
metabolites to the different cellular metabolomes. Here, principle component 1 
corresponds to the metabolome differences between cells grown in Ser and Gly+For 
media, with metabolites in Ser media lying to the left of the graph; principle 
component 2 corresponds to metabolic differences between DAY4 and SCY4 cells, 
with metabolites in SCY4 cells at the top of the graph. 
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DISCUSSION

The study of the metabolome is, in effect, the study of the in vivo activities of 

proteins and how these activities play out among the set of metabolic pathways. We 

expect the metabolome to change as a consequence of mutation, disease or cellular 

conditions, with the measured metabolome reflecting changes in flux through 

fundamental metabolic pathways in response to perturbations. Because of the extensive 

connections and feedback between pathways, metabolic profiling produces complex 

quantitative measurements characteristic of the often subtle cellular phenotypes. For 

example, SCY4, the one-carbon metabolism mutant used in our study, exhibits complex 

changes in its metabolome, spanning many pathways outside of one-carbon metabolism, 

as the cells grow and attempt to maintain homeostasis. Genomics, proteomics and 

metabolomics present complimentary information on the major cellular molecules (e.g., 

see (Bro et al. 2003)), and we expect the combination of quantitative results from 

metabolic profiling with these approaches will move the field closer to quantitative 

modeling of cell behavior.

Metabolome Sample Preparation

When aiming at the simultaneous detection of most soluble metabolites in the 

yeasts, adequate methods for sample preparation must be considered seriously (Fiehn et 

al. 2000). Cell walls of the plants are made of fibrils of cellulose embedded in a matrix of 

several kinds of polymers. Fungal cell walls consist of a morphogenic element that 

constitutes the fungal cell exosketeleton. Its most significant components are 

polysaccharides, namely chitin and  (1,3)  D (1,3)  D D-glucan. Therefore, compared to the plants, 

cell walls of the yeasts are much more rigid. As noted above, to avoid systematic errors, 
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the inherent enzymatic activity of the yeasts has to be inhibited rapidly and completely at 

the first step of the sample preparation (Fiehn 2002). This has been realized by freeze 

clamping, immediate freezing in liquid nitrogen, or acidic treatments using perchloric 

acid or nitric acid (ap Rees T. and Hill 1994). In the two methods used here, liquid 

nitrogen was employed in the boiling extraction method and perchloric acid was applied 

in the perchloric acid extraction method. Although freezing in liquid nitrogen has 

generally been regarded as the best approach to stop enzymatic activity and the boiling 

treatment worked well in our test experiments, the perchloric acid treatment was 

ultimately applied in extracting yeast metabolites. The perchloric acid treatment is easily 

applicable (compared to freeze clamping) and one can avoid thawing samples before 

extracting metabolites (compared to liquid nitrogen). It is a quick process to inhibit the 

inherent enzymatic activity and advantageous for the extraction of amines (Bouchereau et 

al. 2000). The last, but most important, advantage is that perchloric acid could break 

yeast cell walls easily, which eliminate many other methods. Acidic treatments did yield 

trouble for the following analytical methods; however, this limitation could be overcome 

by the following neutralization step during the NMR sample preparation. Beautiful NMR 

spectra from the yeast metabolome extracts proved that the perchloric acid treatment is an 

easy and efficient means for the yeasts. Meanwhile, these spectra were compared with the 

spectrum from unlysed yeast cells (Figure 4.1) and the comparison indicated that no 

substantial bias at metabolite levels was introduced by lysis and the sample preparation.

Quantifying metabolites by 1H-13C 2D- NMR

Several technologies have been applied to generate metabolome data for complex 

biological samples (Hall et al. 2002). Raamsdonk et al. used 1H-NMR spectroscopy to 

profile the metabolites in yeast cell extracts and demonstrated that mutant strains 
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containing defective genes involved in similar pathways can be clustered together 

(Raamsdonk et al. 2001). High resolution 1H-NMR spectroscopy, although not as 

sensitive as MS, has proved useful for comprehensively profiling metabolites without 

sample separation, derivatization and complicated measurement parameter selections  

(Nicholson 1989). Additionally, unpredictable detection responses in MS, such as 

differential volatilization or ionization, are not present in NMR (Lindon et al. 2003). 

However, these advantages are largely counteracted by overlapping peaks in the 1H-NMR 

spectra, which limits unique metabolite identification and quantitation. Although it may 

often be unnecessary to identify the precise metabolites affected, the assignment of 

metabolite identities is critical for a detailed understanding of the metabolic changes 

taking place inside cells, such as for mapping the sites of action and changes in flux 

produced in mutant cells. Furthermore, congested spectra complicate the interpretation of 

multivariate pattern recognition analyses, as resonances from several metabolites are 

generally averaged together. 1H-13C 2D-NMR not only inherits the merits of high-

resolution 1H-NMR mentioned above, but also significantly alleviates signal overlap by 

separating peaks along the second 13C dimension. Although data collection times may 

increase considerably, it is conceivable that 1H-13C NMR methods could be further 

extended to include spectra other than those detecting 1H-13C single-bond correlations, or 

by involving other NMR-active nuclei such as 31P or 15N in the metabolic studies.

The conceivable weaknesses for 1H-13C 2D-NMR, however, include relatively low 

sensitivity and longer acquisition times compared to 1H-NMR and MS. In contrast to 1H 

(99.98%), the natural abundance for 13C is only 1.11%. This low natural abundance of 13C 

translates into increased data collection times for 13C NMR experiments as compared to 

1H NMR experiments. Nevertheless, isotope labeling of cellular metabolites by growth in 
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media containing a 13C labeled carbon source should substantially decrease data 

collection times.  In 1H-13C 2D-NMR, the spectral acquisition time is inversely related to 

the square of 13C abundance. For example, if 13C abundance is increased from 1% to 5% 

by isotope labeling, the spectral acquisition time would be expected to drop by 25-fold. 

Furthermore, the use of 13C labeling opens the possibility of measuring the flux of 13C 

through the system, measuring kinetic contributions of alternative pathways, metabolic 

transformations and other related questions of metabolic flux.  In spite of these long-

term advantages for isotope labeling, in this initial paper, we used unlabeled samples 

primarily to (1) avoid any bias in terms of the metabolome population observed, and (2) 

to establish the parameters for examining cells that are not easily metabolically labeled, 

such as biopsies, animal tissues, and samples requiring media not amenable to synthetic 

preparations.

 Finally, NMR is one of the few non-invasive techniques capable of studying the 

metabolome in vivo (Reo 2002), allowing us to observe the metabolome of intact yeast 

cells by 1H-13C 2D-NMR. The overall pattern of metabolite peaks from the intact cell 

spectrum matches up with that from cell extracts, except for a few peaks only showing up 

in intact cells, which may represent the products of yeast anaerobic fermentation, volatile 

small molecules such as ethanol, or organic compounds insoluble under the lysate 

conditions we examined. Since several methods have been developed to maintain viable 

cells in a physiologically relevant state during NMR analysis (Ratcliffe 1996; S. Aubert 

1996; Roberts 2000), this opens the possibility of using 1H-13C 2D-NMR to dynamically 

monitor the metabolomes of living cells by coupling these approaches with isotope 

labeling techniques to reduce data collection times, enabling in vivo kinetic 

measurements to be carried out across a large fraction of the metabolome.
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MATERIALS AND METHODS

Yeast strains

Saccharomyces cerevisiae strains used in this study are DBY8724 (MATa  GAL2 

ura3 bar1::URA3) (Spellman et al. 1998), DAY4 (MATa   ser1 ura3-52 trp1 leu2 his4) 

(Roje.S. 2002), and SCY4 (MATa ser1 ura3-52 trp1 leu2 his4 ∆met13::CHIMERA-1) 

(Roje.S. 2002).

Media and growth conditions

Both DAY4 and SCY4 yeast cells were grown in synthetic minimal medium 

(YMD) containing 0.7% yeast nitrogen base without amino acids (DIFCO Bacto), 2% 

glucose, supplemented with the following where indicated: L-serine (375 mg/L), L-

leucine (30 mg/L), L-histidine (20 mg/L), L-tryptophan (20 mg/L), uracil (20 mg/L), 

glycine (20 mg/L), and formate (250 mg/L). DBY8724 were grown in the same YMD 

medium supplemented with only uracil (20 mg/L). Cultures of yeast were shaken at 250 

rpm, in a volume no more than 35% of the vessel maximum at 30°C. 

 

Metabolite extraction by perchloric acid and in vivo metabolite analysis

Typically, 500ml yeast cultures were harvested at an OD600 of 2.5 by HP 8453 

UV-visible spectrophotometer, washed with PBS for three times and re-suspended in 4% 

perchloric acid (50% wt/vol)(Shryock et al. 1986) with 9 µmol DSS (2,2-dimethyl-2-

silapentane-5-sulfonic acid) added as an internal reference. Samples were lysed by 

freezing and thawing twice, neutralized with KOH, and then centrifuged. The 

supernatants were dried by speed-vacuum and re-suspended in D2O (Cambridge Isotope 

Laboratories, Inc.) for NMR analysis. For the in vivo metabolite analysis, 1.5L DBY8724 
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yeast cells were grown to mid-log phase. 500ml cells were used for soluble metabolome 

extraction; the remaining 1L yeast were pelleted, washed, re-suspended, loaded directly 

into the NMR tube without lysis and analyzed intact.

Metabolite extraction by boiling treatment

500ml yeast cultures were harvested at an OD600 of 2.5 and washed with PBS for 

three times. The pellets were frozen in liquid nitrogen quickly and kept in -80°C. When 

all samples were ready, each sample was heated in boiling H2O for 5min. After cooling 

on ice, 250mg glass beads (Sigma, 500 micron) and 200 µl D2O were added. Samples 

were vortexed at the maximal speed four times for 1min, and then spin down at 

12,000rpm for 25min at 4°C. Clear supernatants were removed to fresh tubes and used 

for NMR analysis.  

NMR data a cquisition, processing and resonance assignments

NMR spectra were recorded at 30°C using a 500 MHz Varian Inova spectrometer 

equipped with a triple resonance probe and z-axis pulsed-field gradient. Resonances were 

assigned using proton detected correlated spectroscopy (COSY and TOCSY), carbon 1D 

spectra, and 1H-13C single-bond correlated HSQC spectra. Peaks used in the quantitative 

metabolite analyses were picked from 2D 1H-13C HSQC spectra acquired using z-axis 

pulsed field gradients for coherence selection, 1H and 13C sweep widths of and 25000 Hz, 

respectively, and 13C decoupling during the acquisition time. Spectra were acquired using 

16 to 64 scans per FID, 2048 and 512 points for the 1H and 13C dimensions, and total 

spectrum acquisition times of 2.75 to 11 hours. Tentative NMR assignments were 

confirmed by acquiring spectra of samples spiked with purified compounds.  2D-NMR 
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spectra were processed with NMRPipe (Delaglio et al. 1995) and interpreted with the aid 

of the Sparky Assignment and Integration Software package 

(http://www.cgl.ucsf.edu/home/sparky). After all peaks were picked, assigned and 

integrated, peak heights were normalized by the internal reference peak heights and wet 

sample weights. Linearity of response was tested by adding analytes of known 

concentration to wild-type yeast extracts and collecting corresponding data. Following 

each addition, peak heights were normalized using an internal DSS control to correct for 

minor sample volume variations. Clustering and principle component analysis of 

metabolite profiles were performed with the program Cluster/Treeview (Eisen et al. 

1998).
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Supplemental Table I

Metabolit
e

Chemical 
shifts

Normalized NMR peak heights for each of 12 experimental samples

peak 
name

w1 -
1H 

(ppm)

w2 -
13C 

(ppm)

DAY4
_Ser1

DAY4
_Ser2

DAY4
_Ser3

SCY4
_Ser1

SCY4
_Ser2

SCY4
_Ser3

DAY4
_Gly1

DAY4
_Gly2

DAY4
_Gly3

SCY4
_Gly1

SCY4
_Gly2

SCY4
_Gly3

Leu5 0.952 25.11 6.01 5.837 5.444 3.442 5.074 6.311 75.42 71.93 68.5 3.93 3.538 5.611

Leu5' 0.94 23.9 7.611 7.683 9.993 5.325 7.294 7.491 79.09 75.44 66.32 9.355 7.987 10.48

Val4 1.026 21 147.7 157.7 139.8 126.5 132.9 141.6 80.11 71.19 72.61 60.92 56.32 51.16

Val4' 0.978 19.64 130.8 151 120.7 112.4 115.9 138 81.94 74.06 69 51.49 48.97 47.44

Ile3' 0.99 17.67 37.44 35.67 31.63 28.95 28.86 31.73 13.94 14.61 14.25 19.97 18.07 20.55

Ile5 0.925 14.16 19.28 23.15 15.82 14.78 19.19 20.41 8.733 10.35 7.99 11.56 10.89 14.52

Thr4 1.319 22.46 30.78 32.54 32 24.4 26.64 25.95 25.45 25.61 21.97 93.55 86.97 90.76

Lys4 1.452 24.54 31.57 31.65 26.73 22.07 32.51 32.56 150.6 129.4 115.7 76.41 74.47 57.51

Ala3 1.465 19.21 747.6 801.8 630.2 652.9 699.3 760.9 195.4 154.4 141.7 624.2 586 882.9

Lys5 1.721 29.38 50.07 51.44 44.14 36.24 50.11 43.65 408.2 351.3 332.9 198.9 197.6 159.2

P168 1.769 28.52 24.92 24.6 21.21 21.06 24.9 27.13 1 1 1 1 1 1

Arg4 (1) 1.657 26.96 10 11.13 10.21 8.179 11.39 12.98 69.32 66.47 61.29 90.4 92.03 193.1

Arg4 (2) 1.713 27.01 10.01 10.55 10.42 9.647 13.08 15.57 82.24 78.86 71.77 94.33 91.19 194.7

Ornithine
4 (1)

1.762 25.84 5.345 4.115 5.922 2.419 3.489 6.913 189.3 179.4 160.1 79.4 82.49 30.36

Ornithine
4 (2)

1.825 25.87 6.179 3.757 5.039 3.614 5.867 7.526 181.2 172 152.6 77.82 77.85 30.12

Ile3 1.969 38.84 12.74 13.53 11.51 10.43 13.18 12.62 3.919 3.837 3.823 5.125 6.197 6.329

P163 1.825 37.13 23.57 22.14 20.48 19.64 25.05 24.42 4.092 3.486 3.798 40.01 38.67 41.17

Lys3 1.896 32.89 69.24 72.91 68.3 55.17 73.89 65.59 434.6 376.3 355.5 238.2 232.2 201.3

Arg3/Orni
thine3

1.936 30.55 33.49 31.65 30.53 25.61 38.22 40.93 612.8 582.5 503.1 328.6 329.3 555.3

Acetate 1.904 26.48 79.5 57.93 69.52 85.54 48.05 61.34 264.6 369.8 370.6 371.8 280.3 363.9

Glu3 2.051 30.02 151.1 158.8 143.5 128.6 176 164 275.8 263.5 231.4 199.7 187.4 191.4

P105 2.019 25.02 41.04 40.15 38.13 30.27 28.7 27.37 36.13 42.25 31.44 78.61 75.48 56.11

Gln3 2.107 30.07 162.4 162.2 154.5 140.7 187.1 162.8 274.8 258.9 236.4 572.3 557.3 561.1

Val3 2.264 32.12 56.27 59.72 51.74 47.68 59.94 55.91 35.01 31.71 30.69 27.43 26.85 22.2

Glu4 2.338 36.54 405.9 449.6 414.4 382.6 431.3 403.4 809.2 858 689.2 612.4 574.1 573.5

P104 2.336 29.91 52.1 52.45 44.88 44.54 39.17 45.18 95.88 84.32 80.91 73.5 65.86 61.97

Gln4 2.442 33.96 48.6 51.78 59.22 39.07 49.16 40.23 181.2 159 141.7 643.8 629 546.2

GSH4 2.535 34.46 42.85 44.62 45.86 21.46 28.86 24.65 45.09 41.33 38.32 69.65 67.97 111.4

P101 2.469 27.09 38.45 43.72 30.29 33 28.7 28.43 23.11 32.64 23.14 15.72 15.2 14.19

Asp3 (3) 2.69 39.55 9.72 13.42 13.73 9.394 12.57 11.91 23.21 23.11 20.04 32.54 39.94 66.26

P200 2.651 41.9 1 1 1 1.852 4.218 2.984 7.817 6.213 6.825 1 1 1

Asp3 (1) 2.775 39.55 16.46 17.45 19.62 15.69 16.49 14.63 30.54 27.46 30.6 56.68 66.36 94.06
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Asp3 (2) 2.807 39.57 9.528 11.05 11.91 12.55 10.91 10.68 17.81 18.58 18.11 34.51 40.61 60.98

Lys6/Orni
thine5

3.044 42.05 98.89 99.53 89.63 68.02 97.36 88.59 1120 1063 913.9 448.1 452.6 230.2

Tyr3? 3.134 39.52 2.977 3.154 2.98 2.217 5.058 2.996 4.845 5.455 4.561 6.344 7.329 6.997

His3 (1) 3.138 30.94 16.69 19.46 14.96 14.58 18.24 16.4 35.93 33.38 31.44 143.1 139.3 189

His3 (2) 3.214 30.95 21.09 19.46 19.62 16.6 19.98 19.23 36.24 37.81 35.38 165.1 136.8 208.8

P116 3.209 57.09 30.56 27.06 25.63 28.04 24.58 27.49 27.69 28.48 28.84 153.3 147.8 637

P127 3.046 49.5 46.8 47.53 48.19 42.62 47.73 49.19 24.23 19.97 18.28 18.24 17.39 12.54

P135 3.19 47.69 1 1 1 2.956 3.631 4.058 3.42 4.429 2.616 3.262 1 1

Gly2 3.555 44.58 331.5 274 203.5 210.6 176 218.2 88.55 85.7 94.74 181.6 184.9 146.9

GSH8 3.766 46.52 97.65 86.33 84.97 44.84 47.25 45.77 113 104.5 101.5 171.4 145.2 334.2

Ala2 3.775 53.6 430.7 465.2 394.8 377.6 444 441.2 107.9 81.91 77.72 321.5 309.9 434.8

Arg2/Lys
2/Glu2/Gl
n2

3.757 57.51 521 509.9 464.7 428.2 491.6 487.2 1547 1387 1291 1344 1334 1526

Asp2 3.888 55.17 16.12 18.9 21.95 16.9 23.15 17.93 41.22 38.65 35.8 63.91 76.24 109.7

Ser2 3.634 59.45 84.68 92.71 98.7 81.18 84.04 52.02 4.988 3.495 3.865 31.21 28.12 19.97

His2 3.977 57.75 25.82 27.51 24.52 20.85 28.86 26.07 54.15 51.77 46.87 231.9 228.8 294.6

Glycerol2 
(1)

3.558 65.58 469.1 513.3 445.1 447.4 556.6 574.5 1211 1165 1165 602.1 607.9 743.4

Glycerol2 
(2)

3.636 65.6 519.8 583.7 594.7 553.7 637.5 579.2 1344 1636 1283 841.1 829.1 792.1

Thr2/Val2
/CMP5'

3.594 63.42 178.2 178.9 163.1 156.9 133.2 152.2 103.8 106.3 98.1 96.69 95.41 88.29

P206 3.613 61.72 12.18 13.75 14.22 6.711 12.81 11.69 10.59 7.757 4.561 10.46 9.119 10.56

P207 3.637 61.61 13.76 13.98 14.22 9.475 12.18 11.8 9.049 6.065 6.557 12.03 12.16 10.97

Ile2 3.661 62.6 45.1 46.41 40.09 36.24 26.48 36.21 13.44 20.15 14.42 22.88 22.37 21.7

P177 3.767 65.63 31.69 39.25 35.31 32.7 30.29 33.27 77.97 97.08 75.79 56.52 51.34 59.49

P178 3.825 66.11 7.51 5.77 7.357 5.223 7.596 7.715 8.438 10.26 7.034 12.89 9.034 13.45

P176 3.757 63.93 35.52 36.01 30.53 25.81 35.68 32.32 26.46 29.49 29.09 103.8 97.94 71.13

P102 3.861 63.71 35.52 40.82 37.77 30.77 45.51 35.27 31.96 34.12 33.79 131.3 119.9 65.35

Ser3 3.964 63.37 103.3 107 113.5 100 120.8 66.3 4.957 5.15 4.762 39.54 36.9 23.93

P205 4.007 66.51 68.56 71.35 64.5 64.08 61.68 67.95 58.12 48.82 58.94 54.16 60.45 53.8

Pro2 4.119 64.3 15.11 12.41 14.1 8.159 11.5 12.03 25.45 22.84 21.72 59.27 55.39 34.24

His2 
(P29)

4.169 61.4 2.402 4.015 1 1.964 2.886 2.336 2.27 3.06 2.641 9.433 9.034 9.571

P201 4.302 62.46 2.627 3.948 1 3.948 4.123 3.645 3.227 1.886 2.13 16.82 16.55 67.99

P199 3.666 69.91 9.979 10.22 9.662 8.26 11.53 9.189 8.306 11 11.74 23.74 24.06 77.97

Thr3/AM
P5'/GMP
5'

4.225 68.05 32.7 34.22 32.98 29.25 39.96 34.8 31.15 30.05 30.27 63.28 59.27 55.94

P185 4.34 67.97 17.25 17.33 14.71 16.4 21.25 17.69 16.29 15.07 14.42 15.41 15.37 13.45

P179 
(sugar)

3.528 75.16 4.307 9.874 8.963 8.189 10.32 9.508 19.85 46.87 11.15 18.16 17.06 15.43
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P180 
(sugar)

3.567 75.13 21.2 15.99 13.36 18.32 11.12 14.39 38.48 75.07 60.62 24.37 24.15 46.87

P181 
(sugar)

3.624 75.18 12.85 15.43 12.21 14.07 9.483 10.79 29.31 62.22 26.83 25 26.51 28.88

P182 
(sugar)

3.645 74.6 9.043 8.298 5.285 4.98 4.9 6.771 17.71 29.86 21.46 99.83 91.19 65.43

P184 
(sugar)

3.778 75.08 231.2 247.1 233 222.7 256.9 252.4 582.2 645.3 609.5 353.7 352.1 403.5

Nuc? 4.08 73.16 16.24 18.9 16.8 11.34 19.19 17.46 13.94 17.66 16.35 19.65 20.69 22.53

P203 4.076 71.93 9.686 8.275 8.718 6.904 8.912 10.25 6.077 8.016 5.601 2.358 3.36 5.198

P202 4.215 72.71 5.649 5.815 6.045 4.889 5.106 5.627 5.914 8.33 7.06 9.512 10.39 12.79

P204 4.27 73.47 6.01 7.123 10.13 12.35 17.28 12.15 3.278 3.19 1.987 3.813 4.002 4.513

CMP2'or3
'

4.332 72.55 29.54 31.54 25.01 21.46 27.43 29.25 9.558 8.367 8.133 19.42 20.26 15.26

P186 4.406 73.51 26.27 30.86 24.03 25.1 26.16 24.42 28.19 26.9 25.66 20.52 22.29 21.29

P103 4.483 73.53 56.38 58.49 49.29 52.84 52.17 52.14 51 43.64 50.56 47.24 45.59 46.54

AMP2'or
3'/GMP2'
or3'

4.555 73.12 1 1 1 2.642 1 3.197 6.463 5.917 4.117 9.04 4.72 7.327

UMP2'or 
3'

4.357 76.98 1 1 1 3.907 3.885 4.589 5.415 7.119 6.481 16.43 16.55 12.71

P187 4.47 80.54 22.44 22.92 19.5 21.97 21.72 20.88 23.51 21.45 19.12 17.29 16.72 17.91

AMP2'or
3'/GMP2'
or3'

4.739 77.05 35.18 35 33.96 31.28 37.74 32.79 36.13 34.12 27.08 35.45 32.84 38.2

AMP2'or
3'/GMP2'
or3'

4.768 77.45 36.53 34.11 31.14 31.08 37.74 34.8 33.18 28.57 31.86 30.74 31.92 28.47

P189 3.919 86.86 26.39 27.29 23.42 19.54 23.63 22.41 4.672 5.399 5.182 6.894 6.62 9.489

P188 4.236 86.95 3.62 2.483 5.554 3.502 3.33 3.197 3.481 2.441 2.951 5.825 7.008 5.215

CMP4'/U
MP4'

4.27 86.31 
or 
85.71

1 1 1 2.662 2.997 2.583 4.835 5.316 6.062 15.49 14.61 9.076

P190 4.302 87.61 6.788 7.929 7.406 7.066 4.821 6.641 8.346 7.933 6.422 9.433 10.72 8.012

Nuc4'? 4.352 87.61 32.25 32.09 29.18 30.37 24.58 32.09 31.15 26.44 31.11 29.56 31.83 29.04

AMP4'/G
MP4'

4.361 86.82 25.37 26.28 22.19 24.6 24.58 23 26.46 24.96 23.73 24.29 22.97 23.27

P191 4.529 89.93 26.27 27.73 23.3 23.89 20.14 22.06 25.65 26.07 24.06 20.36 18.32 21.12

P192 4.558 90.65 7.589 9.326 7.504 11.64 9.403 9.767 4.031 4.17 2.557 2.861 4.695 2.698

P193 5.042 105.2 8.559 8.711 9.122 5.679 6.85 6.818 6.117 6.934 7.361 8.726 8.781 7.88

P194 5.122 104.7 5.593 5.659 6.241 6.438 4.25 4.707 6.29 9.338 6.112 8.961 7.312 11.63

UMP5 5.955 105.9 2.345 2.315 3.617 2.561 3.314 3.02 5.334 3.781 4.846 13.28 13 9.076

P195 6.08 103.2 18.04 17.33 14.22 16.6 17.6 15.45 17.81 18.21 17.02 14.23 14.61 11.63

P196 6.176 104.4 18.04 15.54 13.36 13.77 10.8 13.33 3.868 2.811 2.063 1 1 1

P197 6.181 103.2 9.449 8.04 7.014 7.228 7.405 9.366 4.122 3.569 3.622 3.349 3.394 3.218
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GMP1' 5.918 89.9 7.499 7.068 7.982 8.189 5.598 6.264 7.43 5.741 5.768 11.48 10.39 10.64

UMP1' 5.961 91.61 5.142 3.925 4.672 4.14 6.2 4.589 6.331 6.157 6.154 16.67 16.63 13.45

P198 6.027 89.88 22.1 22.59 20.72 21.26 19.35 20.17 23.11 21.82 19.03 18.08 17.65 17

AMP1' 6.118 90.01 33.72 35.9 29.92 29.96 28.38 34.09 32.37 30.05 30.44 32.94 28.12 27.06

His5 7.084 120.1 17.37 16.66 16.43 14.27 15.27 16.99 32.88 36.8 29.93 138.4 127.5 196.4

Arg5 3.232 43.57 49.61 52.78 49.05 39.98 51.85 60.75 410.2 394.8 382.3 576.2 569.9 1221

P109 3.286 41.84 22.89 22.59 26.12 10.33 14.14 12.39 13.74 15.16 14.76 33.57 38.16 26.9

P106 3.233 26.97 1 1 1 2.683 3.457 2.312 14.35 15.62 15.01 19.42 18.83 39.03

P107 3.746 29.99 17.93 14.31 14.22 14.27 9.134 13.09 28.6 26.9 27.08 26.1 23.13 23.68

P108 3.781 19.16 22.55 19.01 17.78 19.03 13.11 18.76 5.517 6.536 3.194 18.94 18.07 24.75

P110 3.222 42.22 1 1 1 1 1 1 8.245 11.56 7.034 13.68 11.15 13.86

Pro5 (1) 3.339 49.29 10.62 10.47 9.895 7.136 9.387 8.399 20.15 15.16 16.68 39.78 39.09 24.51

Pro5 (2) 3.408 49.21 12.97 11.41 11.19 8.098 8.309 9.496 19.85 17.2 15.68 43.31 41.88 24.84

p114 4.239 64.56 27.4 28.85 24.52 21.66 22.04 19.94 27.48 26.07 23.39 34.43 32.17 31.11

P115 2.439 29.33 4.826 3.511 4.757 2.763 4.218 3.657 16.39 16.64 12.49 63.99 61.21 51.98

P117 0.845 20.03 71.15 70.12 53.21 57.7 56.13 69.24 9.344 8.644 7.663 143.9 133.4 141.1

P118 0.896 18.8 66.3 72.35 54.56 53.35 56.93 71.25 8.367 9.245 7.37 132.8 123.3 128.7

Lys 
(P119)

1.718 24.5 3.541 3.209 3.176 3.644 3.171 3.055 35.12 31.25 26.66 12.81 14.61 10.81

Lys 
(P120)

1.896 24.5 7.172 5.547 3.47 3.634 3.98 4.99 29.21 28.11 27.58 10.69 12.75 9.984

P121 2.103 23.39 27.18 26.73 23.91 25.21 16.33 16.51 31.35 32.64 27.08 55.18 50.74 48.02

Ala2-3 1.465 53.6 124 101.5 108.9 111.3 55.02 73.61 25.34 25.33 21.97 106.9 99.63 125.4

P124 1.899 57.52 3.541 3.735 1 1 1 1 8.774 8.515 11.65 10.77 10.47 14.77

P122 1.942 57.09 1 1 1 1 1 1 12.01 11.09 11.82 5.542 4.72 1

P123 2.054 57.85 5.954 5.994 5.616 2.602 4.535 4.07 7.909 8.487 8.804 8.726 7.616 5.413

P125 2.125 57.19 1 1 1 1 1 1 4.285 2.644 4.175 16.43 16.13 14.36

P126 1.721 42.31 3.676 4.786 4.377 4.009 4.392 4.459 34.4 32.27 26.75 13.76 13.17 8.499

Citrate2 
(2)

2.556 47.72 46.46 46.63 41.44 42.41 37.42 39.4 29.72 27.55 25.66 76.96 69.74 108.1

Citrate2 
(3)

2.674 47.72 24.92 21.58 34.45 23.08 29.18 21.71 25.04 19.97 24.4 53.77 50.32 112.2

P129 2.628 46.95 47.25 41.38 41.2 38.77 36.47 37.04 4.988 6.268 5.576 72.01 66.28 93.24

P130 6.887 118.9 5.615 6.508 7.087 4.879 7.469 5.686 9.069 8.006 7.982 53.38 49.65 69.47

Asn3 (1) 2.921 37.63 8.987 9.248 11.21 10.01 10.12 8.788 14.15 13.13 11.15 18.32 7.413 1

Asn3 (2) 2.868 37.58 8.581 8.13 7.504 7.288 7.643 6.972 12.42 10.45 10.65 15.88 7.236 1

P128 3.046 38.61 2.954 2.84 2.734 3.31 3.901 4.023 12.52 9.43 8.183 19.18 20.6 29.21

P131 3.172 38.53 1 1 1 1 1 1 6.392 5.039 4.402 24.05 23.13 34.82

P132 3.201 38.56 4.104 3.914 2.845 3.077 4.028 4.483 3.115 4.891 3.178 19.65 17.56 25.83

P133 3.147 50.11 5.074 3.243 2.967 3.27 5.518 7.868 7.023 6.675 6.137 2.217 3.977 1

P134 3.85 55.89 15.34 16.22 13.49 12.96 13.99 13.09 14.66 13.04 12.74 19.65 18.07 13.94

Asn2 3.988 54.37 13.53 13.42 13.61 10.73 13.13 11.06 19.75 17.47 17.86 26.49 13.09 1
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P136 3.938 59.06 6.867 7.079 6.413 5.436 7.358 6.323 9.863 9.523 7.588 38.99 38.92 53.3

P137 4.097 58.28 6.946 6.363 6.658 5.527 8.706 6.052 9.364 9.245 7.118 15.72 14.18 19.47

P138 4.202 55.67 12.85 12.64 10.83 8.736 9.292 11.05 9.313 7.119 8.083 10.46 9.288 8.152

P139 4.22 56.73 12.63 11.74 7.443 8.797 11.42 9.343 3.379 3.208 4.041 1 1 1

P109 3.286 41.84 2.379 2.471 3.421 3.239 3.568 2.064 5.466 4.299 4.502 22.4 21.28 34.41

Phe5 7.32 132.5 3.022 3.165 3.458 2.834 3.647 3.161 3.563 3.55 3.027 7.767 7.599 9.901

Phe6 7.42 132.2 1 1 1 1 1 1 3.512 3.264 2.448 7.342 6.898 8.829

P110 3.222 42.22 6.811 6.184 5.138 4.889 5.709 4.636 5.67 4.992 5.282 3.899 5.176 3.647

P111 8.4 143 2.289 3.388 3.078 3.897 4.186 3.515 3.888 1.794 3.58 2.311 2.305 4.06

P112 8.576 143.5 4.691 4.417 4.868 4.049 4.44 3.68 2.3 2.422 2.633 3.459 3.369 3.589

P140 5.178 96.32 1 1 1 1 1 1 13.74 16.18 14.84 159.6 140.2 88.29

P141 5.543 97.67 43.86 37.13 32.62 33.1 25.53 29.02 7.39 7.424 7.387 11.71 11.4 15.84

P142 5.789 104.2 4.939 4.641 2.98 4.302 3.346 3.409 6.066 7.322 6.993 5.542 4.661 5.702

P143 5.758 101.6 30.33 37.8 31.88 29.15 23.79 25.6 5.995 8.691 5.576 12.18 11.99 13.61

P144 5.42 54 48.26 38.69 35.93 39.88 32.82 31.5 22.19 23.85 23.98 7.94 7.802 8.994

P145 2.535 14.1 35.75 34.67 25.75 30.57 28.54 23.59 16.69 22.84 16.27 8.49 9.541 8.581

P146 3.161 32.21 21.99 24.04 19.25 20.55 21.57 18.17 11.91 11.19 11.32 8.175 4.956 7.22

P147 3.025 29.4 4.657 4.887 5.432 2.804 3.837 3.964 38.68 35.41 29.35 13.91 13.76 7.294

Ornithine 
(P148)

3.051 25.78 1 1 1 1 1 1 38.48 37.44 32.28 11.71 12.75 1

GSH2 4.553 58.68 6.833 3.187 2.894 1 1 1 19.75 16.83 12.58 15.33 1 73.35

GSH7' 2.94 28.59 6.168 1.968 1 1.954 5.106 1 15.98 12.67 11.99 13.76 1 61.31

AdoMet3 2.307 28.58 1 1 1 1 1 1 1 1 1 20.36 21.28 10.23

AdoMet5 2.964 26.64 3.575 2.058 3.678 6.701 4.646 4.483 3.206 2.441 2.096 94.33 85.28 40.84

AdoMet4' 4.543 81.34 1 1 1 1 1 1 1 1 1 33.96 33.1 18.4

AdoMet3' 4.57 75.78 1 1 1 1 1 1 1 1 1 23.66 25.25 10.4

AdoMet2' 4.918 75.52 1 1 1 1 1 1 1 1 1 39.93 38.76 19.47

AdoMet1' 6.072 92.09 1 1 1 1 1 1 1 1 1 62.81 59.44 32.43

Met5 2.124 16.95 7.78 6.699 4.843 8.129 4.694 3.68 3.685 4.068 3.412 7.79 10.3 8.994

Met4 2.627 31.82 4.928 7.012 4.929 3.189 5.217 5.863 2.158 3.051 1.979 12.18 12.41 15.02

Phe2 3.983 59.08 3.868 5.066 4.5 2.763 2.965 2.631 4.825 5.945 5.341 13.44 13.17 15.92

P149 3.744 33.05 3.394 3.243 1 1 1 1 17.3 18.21 14.76 8.804 8.258 6.345

P150 3.778 30.5 1 1 1 1 1 1 18.63 19.32 14.67 10.14 7.717 14.19

P151 3.765 29.35 1 1 1 1 1 1 10.08 9.708 7.68 29.24 27.27 25.25

Glc-6-P1 3.28 77.78 3.721 4.708 3.151 4.312 5.233 4.023 5.934 5.529 4.662 7.546 6.915 9.324

Glc-6-P2 3.504 78.6 3.056 3.411 3.531 3.705 4.662 3.256 3.888 5.806 3.857 4.654 3.496 5.966

P183 3.441 72.74 1 1 1 1 1 1 10.1 12.11 8.242 104.6 92.03 42.49

P152 4.186 75.9 9.472 6.497 5.321 6.711 6.993 7.656 10.59 8.108 10.31 1.871 2.888 4.67

P153 4.115 83.25 6.168 7.683 6.008 5.406 5.328 6.169 9.201 9.338 6.967 11.56 11.15 13.7

P154 3.896 69.98 9.077 8.577 7.014 7.592 9.165 6.783 8.988 7.988 7.881 10.14 10.64 31.77
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P155 4.105 69.98 6.788 7.179 6.462 6.063 8.277 7.561 7.43 7.045 6.892 3.687 2.727 4.258

P156 3.084 45.17 1 2.561 3.826 1 1 1 9.995 12.67 11.4 16.27 14.61 6.337

P157 1.832 41.86 1 1 1 1 1 1 11.71 9.985 8.041 4.19 4.103 1

P158 2.057 36.62 8.592 5.39 5.579 5.871 6.597 7.031 10.59 11.56 8.971 9.276 9.203 10.15

P159 2.107 36.44 8.153 6.106 4.929 6.58 4.773 7.125 12.52 10.63 12.66 8.726 9.119 11.96

P160 2.134 34.01 3.293 3.344 3.838 3.32 1 1 8.448 7.97 7.756 37.81 35.88 37.96

P161 0.976 32.09 12.74 14.65 13.98 15.39 6.819 8.647 9.283 12.39 7.11 8.254 7.456 3.697

P162 1.025 32.07 12.4 11.52 8.154 8.594 4.472 9.06 6.586 9.8 7.051 5.432 5.792 5.702

P119 0.857 37.75 6.405 5.435 6.744 4.737 3.235 4.483 1 1 1 14.39 14.02 17.16

P120 0.907 37.75 4.77 5.301 4.954 4.879 3.314 3.787 1 1 1 15.8 14.35 14.77

Pro4 1.995 26.73 7.228 8.163 7.001 5.831 8.04 5.851 16.69 13.96 13.08 39.07 36.81 22.53

P164 1.288 13.72 1 1 1 1 1 1 7.695 10.08 9.558 11.32 9.288 4.464

P165 1.75 18.06 8.356 8.454 8.35 6.57 9.197 9.874 6.972 8.08 7.915 8.568 8.866 8.911

P166 1.452 32.91 1 1 1 1 1 1 6.769 6.712 5.483 4.913 2.93 3.606

P167 1.498 32.94 1 1 1 1 1 1 8.428 7.997 7.076 4.166 4.272 3.267

P113 8.164 155.9 3.935 3.858 5.113 3.351 2.791 3.657 4.774 3.578 3.178 3.459 3.04 1.947

AMP8/Ad
oMet?

8.248 156.1 7.172 7.09 7.504 6.458 7.453 7.821 6.718 6.573 6.741 14.39 14.02 10.31

Ile4 (1) 1.26 27.43 7.251 7.817 5.702 4.555 8.103 6.405 3.349 2.219 2.649 3.765 3.833 4.629

Ile4 (2) 1.456 27.45 8.107 9.226 7.394 5.456 7.136 8.906 1 1.812 2.213 7.098 4.315 6.527

P172 0.855 23.91 3.958 2.606 3.85 2.359 3.584 4.046 4.224 5.02 5.089 6.257 5.252 6.056

P173 1.074 23.65 8.367 9.662 8.865 7.369 8.563 9.508 1 1 1 19.02 17.39 27.39

P174 1.339 25.13 8.254 7.179 5.8 7.633 4.694 6.193 1 1 1 4.528 4.002 6.081

P175 2.24 39.93 10.05 7.996 5.567 6.954 8.309 8.859 1 1 1 1 1 1

Pro3 2.063 32.09 5.875 4.484 4.279 3.492 4.234 3.421 5.934 4.225 5.198 22.33 18.74 14.11

Succinate
2

2.394 37.16 86.04 106.5 90.98 90.4 92.28 99.8 43.56 32.91 34.29 40.72 39.6 33

Trp3 (1) 3.289 29.39 1 1 1 1 1 1 1 1 1 10.38 8.401 6.947

Trp3 (2) 3.434 29.39 1 1 1 1 1 1 1 1 1 9.669 9.625 8.334
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Chapter 5:  Exploring the system dynamic changes following loss of a 
feedback loop in one carbon pathway

Living organisms are characterized by the quality of homeostasis, or the tendency 

to maintain a constant internal state in response to varying external conditions, a tendency 

that manifests itself particularly strongly in cellular metabolism. Such metabolic self-

regulation leads not to equilibrium (cells are not closed systems), but to the adoption of 

dynamic steady states that represent the simultaneous satisfaction of all of the constraints 

present in the metabolic system (Fell 1996). As components of the system are perturbed, 

the system will re-equilibrate to a distinct dynamic steady state, adjusting all other 

components and rates to best accommodate the perturbation. On a rapid time scale, cells 

dynamically respond to the changing availability of metabolites by optimizing metabolite 

and enzyme concentrations and enzyme reaction rates in order to minimize the overall 

energy of the system, seeking out “basins of attraction” in a complex energy landscape. 

Max Delbrück, in 1948, described other theoretically expected properties of such 

“systems in dynamic equilibrium”, including the notion that in a situation where sets of 

enzymatic reactions interact, a metabolic system might adopt multiple different states 

under identical conditions, passing between the states in response to “transitory 

perturbations” (Delbrück June-July 1948). Complex systems like metabolism should 

therefore not only adopt distinct dynamic steady states, but also may be characterized by 

meta-stable states and the ability of transient signals to induce transitions between steady 

states.  Many of these notions have since been explored via simulations and theory, 

particularly in the context of regulatory and transcriptional networks (e.g., see (Wuensche 
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1998; Kauffman et al. 2003)) and simplified systems exhibiting this behavior have been 

genetically engineered (e.g., see [Collins toggle switch]).

In our study, we describe the detailed experimental characterization of three such 

basins of stability in cellular metabolism, which occur as dynamic steady states arrived at 

reproducibly by the cellular metabolic machinery in response to perturbations to the 

synthesis of the universal methyl donor, S-adenosylmethionine (AdoMet).  AdoMet is 

involved in methylating diverse substrates ranging from DNA and RNA to small 

molecules and amino acids, such as the lysine and arginine residues of histones, and is 

produced by activating methionine with ATP (Fontecave et al. 2004). We have 

investigated a system in which yeast cells can be forced to overproduce AdoMet by 

manipulating flux through the Met13 methylenetetrahydrofolate reductase (MTHFR) 

enzyme.  MTHFR catalyzes the reduction of 5,10-methylenetetrahydrofolate to 5-

methyltetrahydrofolate, used to methylate homocysteine during methionine biosynthesis 

(Figure 5.1), one of the rare methyl group transfers in eukaryotes that does not involve 

AdoMet (Mathews et al. 2000). 

We took advantage of a previously identified chimeric MTHFR (Chimera-1) 

comprised of the yeast Met13p amino-terminal catalytic domain and the Arabidopsis 

thaliana MTHFR (AtMTHFR-1) carboxy-terminal regulatory domain. The resulting 

chimera is fully enzymatically active, but lacks the AdoMet-mediated feedback inhibition 

of the wild-type yeast enzyme and gains the ability to use reduced nicotinamide-adenine 

dinucleotide (NADH) as co-factor (Roje.S. 2002).  Placement of Chimera-1 in a serine 

auxotroph (DAY4) produced an engineered strain (SCY4) with interesting properties:  

Cells grown in minimal media, but provided with serine, appear normal.  However, 



79

replacement of serine with glycine and formate requires the cells to direct metabolic flux 

through MTHFR in order to meet their serine requirements (Figure 5.1), resulting in 

accumulation of more than 100-fold more AdoMet and 7-fold more methionine than the 

wild type strain. These changes are accompanied by a general reduction in growth rate of 

the cells, raising the question of what general molecular changes occur when the 

nutritional status of these yeast cells are varied. By a combination of metabolic, 

transcriptional, and proteomic profiling, we characterize the phenotypes associated with 

these cells and demonstrate a reproducible global change in metabolic state upon removal 

of this single metabolic feedback loop, only poorly reflected in the accompanying 

transcriptional response. In total, we define three discrete dynamic steady states adopted 

by the yeast metabolome in response to variations in nutrition and one-carbon 

metabolism.
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DAY4 (Met13p) SCY4 (Chimera-1)

NADPH
NADP+

CH2-THF

CH3-THF

Met

AdoMet

NADPH
NADP+

CH2-THF

CH3-THF

Met

AdoMet

NADH
NAD+

Ser
Gly

Formate

THF

Ser
Gly

Formate

THF

Figure 5.1 Methyl group biogenesis in wild-type and engineered yeast strains.
(A) In the wild-type strain DAY4 expressing Met13p, the MTHFR reaction is irreversibly 
driven towards CH3-THF formation by a high cytosolic NADPH/NADP ratio.  AdoMet 
overaccumulation is prevented by allosteric feedback inhibition of the MTHFR reaction 
(dotted line). (B) In strain SCY4 expressing the Chimera-1 MTHFR, AdoMet 
accumulates due to the lack of feedback inhibition by AdoMet.  In addition, the capacity 
of the chimeric MTHFR to use NADPH as well as NADH results in more CH3-THF 
synthesis and hence even greater AdoMet accumulation. 
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RESULTS

Detailed metabolome analysis of MTHFR Chimera-1 mutant 

One-carbon flux into methionine and S-adenosylmethionine (AdoMet) is believed 

to be controlled at the methylenetetrahydrofolate reductase (MTHFR) step. In contrast 

with yeast and mammalian MTHFR, carboxy-terminal regulatory domain for plant 

MTHFR is Adomet-insentitive (Roje et al. 1999). Plants have the S-methylmethionine 

cycle, an auxiliary feature exclusive to plant one carbon metabolism (Ranocha et al. 

2001). In this cycle, AdoMet donates a methyl to homocysteine and are then converted 

back to two molecules of methionine. Since this cycle is futile in yeast (Thomas et al. 

2000), AdoMet is hyperaccumulated in Chimera-1 mutant expressing MTHFR with

Arabidopsis thaliana carboxy-terminal regulatory domain.

In order to gain insight into the metabolic states of this interesting one carbon 

metabolism mutant, wild type MET13 yeast (DAY4) and the Chimera-1 mutant SCY4 

were grown separately to mid-log phase in serine or glycine+formate media and their 

lysates were analyzed by 1H-13C 2D-NMR. The data were then normalized and organized 

via hierarchical clustering, an approach common for microarray-based mRNA expression 

surveys (Eisen et al. 1998). The metabolic profiles are plotted in Figure 5.2.  Several 

broad patterns are evident in the metabolomes. First, replicate samples tend to have 

similar metabolomes (columns in Figure 5.2), indicated by their tendency to cluster 

together by their metabolic profiles. Second, the primary division between the cells

correlates with their growth media, indicating that nutritional status plays a dominant role 

in determining the metabolomes. Third, in serine medium, there are only subtle 

differences between the metabolite profiles of DAY4 and SCY4, while the differences

become much more prominent in the glycine+formate medium. This correlates with the 
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Figure 5.2 Unsupervised hierarchical clustering of DAY4 and SCY4 metabolic 
profiles in different nutritional states reveals details of variation between the cells’               
internal metabolic states.  
 
2D-NMR metabolite peaks correspond to the rows, with columns representing 
strains/experimental conditions (each strain/condition analyzed in triplicate). The 
normalized magnitude of each 2D-NMR peak height is indicated by color, with red 
indicating an increase in metabolite abundance compared with the median abundance 
of that metabolite across all samples, green indicating a corresponding decrease in 
abundance, and black for the median level of abundance. Variations within SCY4 
glycine+formate replicates (green arrows) apparently derive from feedback inhibition 
of cysteine on homocysteine synthesis, diagrammed on the top right. Absent data or 
data of low quality were filled by the NMR peak background threshold level. 
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previous observation that the growth rates of these two strains were similar in serine 

minimal medium, yet the doubling time of SCY4 was nearly twice as long as DAY4 in 

glycine+formate medium (Roje.S. 2002). Fourth, hierarchical clustering of the 

metabolites by their abundance profiles across samples (rows in Figure 5.2) indicates that 

metabolites responding in a similar fashion across samples cluster together, as do NMR 

peaks derived from the same metabolites, demonstrating the accuracy and reproducibility 

of 1H-13C 2D-NMR for metabolite profiling.

As expected, engineered yeast (SCY4) expressing the chimeric MTHFR are 

insensitive to AdoMet inhibition in vivo and accumulate much more AdoMet and 

methionine than the wild type (Roje.S. 2002). However, this phenomenon was not 

observed when the supplemental glycine and formate were replaced by serine in the 

culture medium (Chan et al. 2003). Correspondingly, the AdoMet peak is large in the 

SCY4-Gly+For spectra, but undetectable in DAY4-Gly+For, DAY4-Ser and SCY4-Ser 

spectra. Likewise, the methionine peak height in SCY4-Gly+For spectra is about 5.5 fold 

higher than that in DAY4-Gly+For spectra; there is no significant difference in 

methionine abundance between these two strains in the serine medium. 

Comparison of the measured metabolomes with known metabolic pathways

The relative abundance changes in known metabolites across the experiments are 

summarized in Figure 5.3, and a number of more detailed trends in the cells’ 

metabolomes can be seen, in particular in amino acid metabolic pathways.  For example, 

lysine was elevated in the glycine+formate-enriched medium, especially in DAY4 cells. 

Lysine and homocysteine represent the two major downstream branches of the aspartate

biosynthesis pathway. Aspartate was abundant in both DAY4-Gly+For and when glycine 
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Figure 5.3 Summary of global metabolome changes to yeast one-carbon metabolism 
and related pathways.  
 
Red X indicates the inactivated phosphoserine aminotransferase in both DAY4 and 
SCY4 strains; red * indicates chimeric MTHFR (Methylenetetrahydrofolate reductase) 
in SCY4 strain; solid black line indicates the regulation existing in both DAY4 and 
SCY4 strains; dashed red line indicates the regulation only existing in DAY4 strain. 
All bars show the normalized abundances of measured metabolites, averaged across 3 
biological replicates for SCY4 and DAY4 cells growing in either Ser or Gly+For 
media. 
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is provided as a C1 carbon source. In SCY4, the AdoMet-insensitive chimeric MTHFR 

ensures high levels of CH3-THF for the methylation of homocysteine to methionine and 

AdoMet (Roje.S. 2002). In wild type cells, AdoMet feedback inhibits MTHFR activity so 

that CH3-THF levels are low, and thus homocysteine methylation is slowed. As flux from 

pyruvate to aspartate increases, alanine, valine and isoleucine synthesis from pyruvate are 

decreased. Acetate is also higher in the glycine+formate-grown cells. Although acetate 

can be produced from pyruvate, it is also generated from threonine. Threonine, which 

derives from aspartate via homoserine, was also elevated in SCY4-Gly+For cells. 

Threonine is then cleaved by threonine aldolase to produce glycine and acetaldehyde, 

which is in equilibrium with acetate (McNeil et al. 1994; Woldman et al. 2002). Thus, it 

appears that in glycine+formate medium, flux from aspartate towards lysine and 

homoserine increases, leading to increased threonine and homocysteine (and 

subsequently AdoMet) synthesis.

A second major trend is revealed by considering the levels of histidine. Histidine 

also contributes C1 units through its degradation with formation of N5-forminino-THF. 

Since SCY4 has an unregulated MTHFR and there is no serine inhibition in 

glycine+formate medium, all of the formate is taken up through the ADE3 gene product 

to make 5,10-CH2-THF and ultimately, 5-CH3-THF. As 5,10-methenyl-THF is an 

intermediate between formate and 5,10-CH2-THF, it is possible that SCY4, which may 

have greater flux through Ade3p, might decrease the use of histidine in order to make 

5,10-methenyl-THF in the glycine+formate medium.

As reported by Chan and Appling (Chan et al. 2003), serine represses AdoMet

hyperaccumulation in SCY4 by a variety of mechanisms. Serine can deplete the 
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homocysteine pool by condensing with homocysteine to form cystathionine, thereby 

limiting the amount of methionine and AdoMet synthesized. In addition, serine acts to

repress the biosynthesis of homocysteine through its role in the synthesis of cysteine 

(Vanaerts et al. 1994; Chan et al. 2003). When serine is absent in the medium, it can only 

be synthesized via serine hydroxymethyltransferase (SHMT) because the conversion of 

3-phosphoglycerate to serine is blocked at phosphoserine aminotransferase in these 

strains. Therefore, in glycine+formate medium, the low intracellular serine levels (Figure 

5.7) are apparently adequate to meet growth requirements, but not high enough to repress 

AdoMet synthesis.

A third major trend emerges from considering the effects of subtle growth 

variation within biological replicates, which can lead to observable metabolome changes. 

The first two SCY4-Gly+For samples were harvested at OD600 of about 2.5, whereas the 

third SCY4-Gly+For replicate was harvested at a slightly higher density (OD600 ~ 3). As 

shown in Figure 5.2, AdoMet level is higher in the first two samples, while glutathione 

(GSH) is more abundant in the third. As shown in Figure 5.3, homocysteine sits at a 

branch point: it can either be remethylated with CH3-THF to generate methionine and 

AdoMet, or condense with serine in the transulfuration pathway to synthesize cysteine 

and GSH(Finkelstein et al. 1984; Ono et al. 1988). We cannot detect cysteine in our 

samples, but if we assume GSH and cysteine are in equilibrium, then cysteine is also 

higher in the third triplicate of SCY4 grown in glycine+formate medium. It has 

previously shown that adenylylsulfate kinase encoded by MET14 and O-

acetylhomoserine (thiol)-lyase encoded by MET17 are both negatively affected by 

cysteine(Hansen et al. 2000). These reactions are part of the sulfur assimilation pathway 

that produces homocysteine. Therefore, cysteine may in turn limit the levels of 
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homocysteine available to accept the methyl group from CH3-THF (as shown in Figure 

5.2) and, thus, contribute to the control of AdoMet accumulation. Indeed, it has been 

observed that addition of GSH in culture media completely blocks AdoMet accumulation 

in SCY4 grown in glycine+formate medium(Chan et al. 2003).

Finally, we observe potential changes in the global nitrogen balances of the cells, 

with arginine levels favored over ornithine in the SCY4-Gly+For cells and glutamine 

favored over glutamate. However, this ratio is inverted with aspartate and asparagine, 

arguing that a different mechanism may also account for the skewed ratios of 

glutamine/glutamate and arginine/ornithine.

Combination of transcriptome, proteome and metabolome

To test if changes in the metabolome were accompanied by changes in the 

transcription and translation of metabolic enzymes or regulated proteins, we profiled the 

cells’ transcriptomes and proteomes with DNA microarrays (Lockhart et al. 2000) and 

mass spectrometry (Aebersold et al. 2003), respectively. We expected that a comparison 

of data across the three levels would allow us to better describe the cells’ states, 

characterizing the entire biological system more comprehensively and giving insight into 

the extent to which perturbation- or nutrition-induced changes in gene expression and 

metabolite levels were correlated. We profiled ~800 proteins expressed by these cells

with high confidence via the use of “MudPit” style (Washburn et al. 2001) multi-

dimensional high-performance liquid chromatography and tandem mass spectrometry 

(LC/LC/MS/MS), and profiled the complete set of mRNA transcripts via the use of 

cDNA microarrays (Iyer et al. 2001; Iyer 2003). Figure 5.4 shows the resulting 

transcriptional and proteomic profiles after hierarchical clustering. As for the metabolite 
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Figure 5.4 Unsupervised hierarchical clustering of DAY4 and SCY4 transcriptome 
and proteome profiles in different nutritional states.  
 
In transcriptome profile, genes correspond to the rows, and strains/experimental 
conditions are the columns. The magnitude of induction/repression for each gene is 
indicated by the intensity of the colors displayed. mRNA pool of all samples were 
used as control and only genes measured in at least 75% samples were clustered in the 
profile. In proteome profile, proteins correspond to the rows, and strains/experimental 
conditions are the columns. The normalized spectral counts of each protein, as a rough 
measure of protein abundance (Liu et al. 2004), are exhibited by the intensity of the 
colors. Only proteins qualified in at least 75% samples were clustered in the profile. In 
all cases red indicates an increase in mRNA or protein abundance compared with the 
median abundance across all samples, green indicates a corresponding decrease in 
abundance, and black for the median level of abundance. The absent data are left with 
grey.  
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profiles, the primary division among the samples at the transcriptome and proteome 

levels is by nutritional status. However, the transcriptomes of the SCY4 and DAY4 

appear more similar than either their proteomes or metabolomes would imply, consistent 

with the critical role of post-transcriptional regulation for both protein and metabolite 

levels (Parekh et al. 1997; Griffin et al. 2002).

Such post-transcriptional regulation is indeed evident in the profiling data. The 

Met13p feedback inhibition is one example.  Another such example, illustrated in Figure 

5.5, is that of the arginine biosynthesis enzyme, carbamoylphosphate synthase (CPSase 

A).  CPSase A is composed of two subunits, CPA1 and CPA2, known to be subject to 

two different control mechanisms (Messenguy et al. 1983). While transcription of both 

the CPA1 and CPA2 mRNAs are regulated by the transcription factor GCN4 in response 

to general amino acid starvation, the CPA1p protein is additionally repressed by arginine 

via upstream open reading frames (Werner et al. 1987; Delbecq et al. 1994).  At the 

mRNA level, we see no obvious change in the mRNA abundance of either CPA1 or 

CPA2 in serine media relative to glycine+formate media (Figure 5.5). At the protein 

level, the CPA2 protein is present in both conditions (judged as the probability of 

identification, which roughly correlates with protein abundance).  By contrast, the CPA1 

protein, while clearly evident in serine media, is undetectable in glycine+formate media. 

Thus, it appears CPA1 is down-regulated at a post-transcriptional level in the SCY4 

glycine+formate cells. The loss of CPA1 protein agrees with the increase in concentration 

(roughly doubling) of arginine in the cells, consistent with the known mode of CPA1

regulation (Werner et al. 1987; Delbecq et al. 1994).
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Figure 5.5 An example of metabolite-controlled post-transcriptional regulation in the
SCY4 strain.   
 
In glycine+formate media, the arginine concentration is approx. twice that in serine 
media (right graph). While the mRNA levels of arginine biosynthesis gene CPA1 are 
essentially unchanged in the two conditions (shown at left), the protein is observed 
only in the serine media, i.e., when arginine is low, consistent with post-transcriptional 
regulation of CPA1 protein levels (Messenguy et al. 1983). By contrast, the arginine 
biosynthesis gene CPA2 shows no such arginine-mediated translational repression. 
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Hyperaccumulation of AdoMet delays the G1-to-S phase cell cycle transition

AdoMet is the most commonly used enzyme cofactor after ATP, the nicotinamide 

dinucleotides, and CoA (Forster et al. 2003), and the alteration of its cellular 

concentration has profound effects on cell growth although the detailed mechanism 

producing these effects is still unclear. In order to better characterize the defect associated 

with AdoMet overproduction, we attempted to explain the increased doubling time of the 

SCY4 glycine cells (roughly twice that of DAY4 glycine cells (Roje.S. 2002) by 

searching for a cell cycle-related defect. As expression deconvolution algorithm (Lu et al. 

2003) that we proposed in Chapter 2 can in principle reveal the precise nature of cell 

cycle defects in mutant cells, we analyzed the mRNA expression profiles of DAY4 and 

SCY4 cells to search for patterns typical of cell cycle defects. As illustrated in Figure 

5.6A, DAY4 cells showed transcriptional profiles characteristic of roughly equal 

proportions of cells in different cell cycle phases, but SCY4 cells in glycine+formate 

minimal medium exhibited a strong bias toward G1 phase, suggesting a rate-limiting 

defect in their cell cycles. 

To validate the expression deconvolution results, we assayed the distribution of 

the cells throughout the cell cycle via fluorescence-activated cell sorting (FACS), 

measuring the numbers of cells with one (1N) and two (2N) copies of the chromosomes.  

The FACS data confirm that SCY4 cells in glycine+formate miminal medium show 

excess 1N cells and are delayed in G1 phase (Figure 5.6B).  This observation supports 

the notion that the accumulation of AdoMet in vivo can cause G1 cell cycle delay, just as 

does addition of exogenous AdoMet (Mizunuma et al. 2004).
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Figure 5.6 Evidence for a G1/S phase cell cycle delay associated with accumulation of 
AdoMet and polyamines.   
 
(A) Results of applying expression deconvolution (Lu et al. 2003) to DAY4 and SCY4 
cells in different nutritional states. The predicted proportions of cells in each phase of 
the cell cycle, measured by expression deconvolution analysis of their transcriptional 
profiling data, show that SCY4 cells in glycine+formate minimal medium exhibit a 
strong bias toward G1 phase. (B) Validation of cell cycle defects for SCY4 cells in 
glycine+formate minimal medium by FACS analysis. Compared with the distribution 
of asynchronous DAY4 cells and SCY4 cell in serine minimal medium, FACS data 
confirm that asynchronous SCY4 cells in glycine+formate miminal medium show 
excess 1N cells and are delayed in G1 phase. (C) Indirect evidence for polyamine 
accumulation. The depletion of ornithine abundance and the induction of vacuolar 
polyamine transporters’ transcriptional expression indicate the increased production of 
polyamines with AdoMet hyperaccumulation.  
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However, in contrast to adding exogenous AdoMet, whose effects appear to be 

mediated by down-regulating SWE1 and CLN2 expre ssion (Mizunuma et al. 2004), 

hyperaccumulation of AdoMet in SCY4 cells does not affect the mRNA abundance of 

SWE1 and CLN2 (log2(SWE1)Gly+For/Ser = -0.21; log2(CLN2)Gly+For/Ser = 0.14).  Other lines of 

evidence also suggest a different mechanism of cell cycle delay, with indirect evidence 

pointing to the overproduction of polyamines being at least one cause of the cell cycle 

delay in SCY4 cells. Polyamines are known to be critical for cell cycle progression, with 

either too low or too high levels causing cell cycle delays in yeast (Kay et al. 1980; 

Balasundaram et al. 1991; Schwartz et al. 1995). In  other eukaryotic cells, polyamines 

are known to induce G1 cell cycle delay by post-translational modification of eIF-5A 

(Chan et al. 2002).  AdoMet and ornithine are two major precursors in the polyamine 

biosynthesis pathway, and the first indirect line of evidence for polyamine accumulation 

comes from considering ornithine levels.  Although polyamines were not directly 

observed in the experiment, ornithine was strongly depleted under conditions of AdoMet 

hyperaccumulation (Figure 5.6C), suggesting that polyamine synthesis was active. 

Consistent with excess polyamine synthesis, the mRNA expression levels of TPO2 and 

TPO4, two vacuolar polyamine transporters, are markedly induced in response to the 

elevated AdoMet levels (Figure 5.6C), indicating the likely transport of polyamines from 

cytoplasm to vacuoles. Therefore, our data suggest that hyperaccumulation of AdoMet in 

SCY4 cells probably leads increased production of polyamines.  

As vacuolar polyamine transporters are active, presumably reducing the 

polyamine toxicity, a prediction can be made that SCY4 cells lacking vacuoles should 

exhibit a more severe G1 delay phenotype.  SCY4vac cells—created by crossing a 

mutant Vps33 allele (vps33::kanMX4) into the SCY4 background and resulting in SCY4 
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cells lacking vacuoles—show an immediate arrest in growth when transferred from 

minimal medium containing serine to that containing glycine and formate (Chan et al. 

2003). FACS experiments confirm that SCY4vac cells in glycine+formate minimal 

medium are delayed in G1 phase (data not shown), supporting the observation that at least 

a significant cause of the G1 delay may be polyamine accumulation.

DISCUSSION

As pointed out by Delbrück (Delbrück June-July 1948), dynamic systems with 

conflicting feedback control loops are often characterized by the presence of meta-stable 

states which resolve into distinct stable states in a stochastic manner. This can be 

illustrated by considering a simple metabolic system of two enzymatic reactions, with the 

product of the first reaction inhibiting the second, and the product of the second 

inhibiting the first.  Although it is possible to operate the system with both reactions in 

such precise balance that neither reaction gains the upper hand, this state is meta-stable, 

and stochasticity quickly leads to one reaction dominating and shutting down the other, 

thereby settling the system into one of two alternate dynamic steady states.

Such meta-stability may be evident in the subtle metabolome variation between 

biological replicates of the SCY4-Gly+For cells.  In particular, as shown in Figure 5.2, 

the AdoMet level is higher in the first two samples than in the third sample, while 

glutathione (GSH) shows the inverse pattern.  We believe this trend may reflect the 

regulation of homocysteine synthesis by cysteine.  As shown in Figure 5.4, 

homocysteine sits at a branch point: it can either be re-methylated with CH3-THF to 

generate methionine and AdoMet, or condense with serine in the transulfuration pathway 

to synthesize cysteine and GSH (Finkelstein et al. 1984; Ono et al. 1988). We cannot 
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detect cysteine in our samples, but if we assume GSH and cysteine are in equilibrium, 

then cysteine is also higher in the third triplicate of SCY4 grown in glycine+formate 

medium. It has previously been shown that adenylylsulfate kinase (encoded by MET14) 

and O-acetylhomoserine (thiol)-lyase (encoded by MET17) are both negatively affected 

by cysteine (Hansen et al. 2000). These reactions are part of the sulfur assimilation 

pathway that produces homocysteine. Therefore, cysteine may in turn limit the levels of 

homocysteine available to accept the methyl group from CH3-THF and, thus, contribute to 

the control of AdoMet accumulation. Indeed, it has been observed that addition of GSH 

in culture media completely blocks AdoMet accumulation in SCY4 grown in 

glycine+formate medium (Chan et al. 2003).  It appears that the three replicate samples 

show discrete substrates with reversed AdoMet/GSH ratios, such as might be caused 

from independent resolutions of a meta-stable state created by competing feedback 

inhibition loops.

The broad trends in the data are more apparent after principle component analysis 

(PCA), which organizes the samples according to the major sources of variation in the 

data (Duda et al. 2001). Plotting the samples according to the PCA analysis (Figure 5.7A) 

again shows that biological replicates cluster most strongly, the DAY4 and SCY4 cells in 

serine media appear to have similar metabolomes, but shifting to glycine+formate media 

induces significant changes to each metabolome. The first principle component, capturing 

the largest source of variance in the data, corresponds to media-dependent metabolism 

changes. The second principle component captures Met13/Chimera-1-dependent changes.  

The PCA analysis portrays a portion of the space of allowable metabolic states 

and can be interpreted as a metabolome phase diagram showing multiple dynamic steady 
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states and the transitions between them.  A change in the metabolic network, even one 

as subtle as the change of a single feedback loop, can produce large changes in the 

metabolome.  Energetically, the effects of elevating levels of AdoMet propagate through 

the network, with successive metabolic reactions adjusting their flux in order to 

accommodate the perturbation.  The perturbation is local, but serves to change the 

global balance of metabolites, driving the cell to a distinct metabolic state, as depicted in 

Figure 5.7B. Transitions between these distinct states are reproducible across biological 

replicates, and although some minor variations in state are observed (e.g., in the potential 

cysteine-AdoMet feedback loop), equivalent perturbations reproducibly drive the system 

to reproducible dynamic steady states.  Thus, these states are stable solutions to the set 

of metabolic reactions, and the energetic landscape is such that accessible paths connect 

these states.

It therefore might be theoretically possible to model the life of a cell as a series of 

such transitions between dynamic steady states, provided it is feasible to experimentally 

map out the most common states sampled by growing cells.  The number of such states 

is theoretically quite large (all possible combinations of the concentrations of metabolites, 

RNAs and proteins).  However, a compelling argument can be made that a cell may 

only sample a limited subset of such states.  In particular, many systems in the cell are 

tightly coupled, limiting the number of states sampled by the coupled systems, and many 

systems in the cell are feedback-regulated and therefore seek basins of energetic stability.  

These suggest it may indeed be feasible to characterize a cell by precisely defining 

trajectories of states through the process of normal cell growth, leading to simplified 

models of cell growth.
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Figure 5.7 “Basins of stability” in the yeast metabolome 
(A) “Basins of stability” in the yeast metabolome, as revealed by principle component 
analysis (PCA) of DAY4 and SCY4 metabolic profiles in different nutrition states.  
DAY4 and SCY4 metabolic states resemble each other in Ser media, but differ 
dramatically when shifted to Gly+For media. The relationships among the 
experiments are revealed by projecting the metabolic profiles of the 12 experimental 
samples onto the first two principle components. There are four clear groupings, with 
each biological triplicate clustering strongly, suggesting these states correspond to 
reproducibly accessible minima in the energetic landscape sampled by the 
metabolome. Principle component 1 corresponds largely to metabolic changes due to 
cell nutritional status, while principle component 2 corresponds largely to the strain-
specific differences in the metabolome. (B) A cartoon interpretation of the PCA 
analysis.  The (fictional) vertical axis suggests potential energy of the system.  In 
response to environmental and internal cues, cells adjust metabolite concentrations and 
enzyme activities to settle into potential energy wells in a complex energy landscape.  
These wells correspond to “basins of stability” in the landscape of possible metabolite 
concentrations and represent preferred states of metabolism under these environmental 
and genotypic conditions. 
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MATERIALS AND METHODS

Yeast strains

Saccharomyces cerevisiae strains used in this study are DBY8724 (MATa  GAL2

ura3 bar1::URA3) (Spellman et al. 1998), DAY4 (MATa   ser1 ura3-52 trp1 leu2 his4) 

(Roje.S. 2002), and SCY4 (MATa ser1 ura3-52 trp1 leu2 his4 •

met

13::CHIMER A

met13::CHIMERA-1) 

(Roje.S. 2002). DAY4vac (MATa ser1 leu2 HIS3 his4 trp1 ura3 ylr396c::KANMX4) 

(Chan et al. 2003), SCY4vac (MATa ser1 leu2 HIS3 his4 trp1 ura3 met13::CH1 

ylr396c::KANMX4) (Chan et al. 2003).

Media and growth conditions

All yeast cells were grown in synthetic minimal medium (YMD) containing 0.7% 

yeast nitrogen base without amino acids (DIFCO Bacto), 2% glucose, supplemented with 

the following where indicated: L-serine (375 mg/L), L-leucine (30 mg/L), L-histidine 

(20 mg/L), L-tryptophan (20 mg/L), uracil (20 mg/L), glycine (20 mg/L), and formate 

(250 mg/L). Cultures of yeast were shaken at 250 rpm, in a volume no more than 35% of 

the vessel maximum at 30 °C. 

 

Metabolite extraction and 1H-13C NMR data collection

The methods and experimental conditions for metabolite extraction, 1H-13C NMR 

data acquisition, processing, and normalization were same as those in Chapter 4.

mRNA and protein preparation

Proteins and mRNA were harvested from the yeast strains DAY4 and SCY4, 

isolating mRNA and proteins from biological replicate yeast cultures grown under the 
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same conditions. Starter cultures were grown in YMD medium containing serine, diluted 

to O.D. 0.05 in either the same serine-containing medium or YMD medium containing 

glycine and formate, and then grown to mid-log phase at 30 °C. From one set of the 

cultures, total RNA was extracted using phenol/chloroform, poly(A) RNA was purified, 

and cDNA was synthesized by reverse-transcription as described previously (Spellman et 

al. 1998). Protein was harvested from the other set of cultures via bead-beating as 

described previously (Xue et al. 2000).

DNA microarray Analysis

The synthesized cDNA was hybridized to a DNA microarray containing all of the 

intergenic and predicted coding regions of the yeast genome manufactured as described 

previously (Iyer et al. 2001). The resulting microarrays were scanned with a GenePix 

4000B scanner (Axon Instruments) and quantified with GenePix 5.0 software. Data were 

uploaded into the LAD microarray database (Killion et al. 2003) and filtered to pass 

minimum quality control thresholds (sum of median intensities > 300 and regression 

correlation across spot pixels > 0.6) before further analysis.

LC/LC/MS/MS analysis

Soluble protein extracts were diluted in digestion buffer (50mM Tris HCL pH8.0, 

1.0M Urea, 2.0mM CaCl2) to 4 mg/ml, denatured at 95°C for 10 min, and digested with 

sequencing grade trypsin (Sigma) at 37°C for 20 h. Tryptic peptide mixtures were 

separated by automated two dimensional-high performance liquid chromatography.  

Chromatography was performed at 2µL/min with all buffers acidified with 0.1% formic 

acid.  Chromatography salt step fractions were eluted from a strong cation exchange 

column (SCX) with a continuous 5% acetonitrile (ACN) background and 10 minute salt 
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bumps of 0, 20, 60 and 900 mM ammonium chloride.  Each salt bump was eluted 

directly onto a reverse phase C18 column and washed free of salt. Reverse phase 

chromatography was run in a 125 minute gradient from 5% to 55% ACN, and then 

purged at 95% ACN.  

Peptides were analyzed online with electrospray ionization (ESI) ion trap mass 

spectrometry (MS) (Link et al. 1999; Washburn et al. 2001) using a ThermoFinnigan 

Surveyor/DecaXP+ instrument. In each MS spectrum, the 6 tallest individual peaks, 

corresponding to peptides, were fragmented by collision-induced dissociation (CID) with 

helium gas to produce MS/MS spectra. Gas phase fractionation (GFP) was used to 

achieve maximum proteome coverage (Yi et al. 2002). In order to increase coverage of 

lower abundance proteins, each tryptic peptide mixture was analyzed by three sequential 

LC/LC/MS/MS analyses, in each case examining a different mass/charge (m/z) range 

(300–650, 650–900, and 900–1500 m/z) for data-dependent precursor ion selection for 

CID; fragmentation data from the three runs were then combined for analysis. Proteins 

were identified from the resulting peptide MS/MS fragmentation spectra using Bioworks 

TurboSequest (Eng et al. 1994), PeptideProphet (Keller et al. 2002), and ProteinProphet 

(Nesvizhskii et al. 2003).  The probability of correctly identifying each protein and its  

individual spectral counts in a given proteomics experiment was calculated using 

ProteinProphet; these scores then treated as a rough, order-of-magnitude measure of 

protein expression levels for the purpose of clustering proteins with proteomics data (Liu 

et al. 2004).

FACS analysis
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 Cell cultures were harvested at mid-log phase, stained by the DNA-specific dye 

propidium iodide, and then assayed for DNA content with a BD Biosciences 

FACSCalibur instrument using standard protocols as described in Chapter 2.
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Chapter 6:  Exploring global characteristics of the yeast cell cycle

Proper regulation of the cell cycle is essential to the growth and development of 

all organisms; exploring and understanding this process is important to the study of many 

diseases, most notably cancer (Sherlock 2004). The eukaryotic cell cycle is one of the 

most intensely studied biological activities, however, in spite of great efforts, many 

questions remain mysterious as the cell cycle involves the orchestration of almost all 

cellular processes: chromosome segregation, DNA replication, organelle biogenesis, 

cytoskeletal dynamics, protein synthesis and cellular metabolism et al. (Tyers 2004). 

As an ideal eukaryotic microorganism model, yeast has been widely used in cell 

cycle study and most functional genomic platforms were fomented on it. Although 

Hereford et al. had discovered that yeast histone mRNA levels oscillate during the cell 

division cycle in 1981(Hereford 1981),  a comprehensive catalog of cell-cycle regulated 

budding yeast genes was created in 1998 with DNA microarray technology, now widely 

used to study the global expression pattern of genes. Using periodicity and correlation 

algorithms, people identified ~400-800 genes that meet an objective minimum criterion 

for the cell cycle regulation and showed the regulation mechanisms for about half of them 

(Cho et al. 1998; Spellman et al. 1998). Following these pioneering investigations, cell 

cycle regulated transcriptional programs and the underlying transcriptional circuits have 

been gradually established from comprehensive microarray and ChIP-chip experiments in 

budding yeast (Ren et al. 2000; Iyer et al. 2001; Simon et al. 2001; Futcher 2002) and the 

deduced wiring of the fission yeast cell cycle transcription programs has recently been 

compared with that of budding yeast (Rustici et al. 2004). All these analyses not only 
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provide clues to biological function for hundreds of previously unknown genes, but also 

initially explore the global organization of yeast cells as they proliferate (Cho et al. 

2001). Many critical events, including DNA replication, chromosome segregation, and 

mitosis, show a fundamental periodicity in the eukaryotic cell cycle. Precise coordination 

of the unidirectional transitions during these phases is important to cell integrity and 

survival. Loss of fidelity in any process may lead to genomic instability or play a role in 

the etiology of both hereditary and spontaneous cancers (Hartwell et al. 1994; Cho et al. 

1998). 

The leading development of transcriptional networks has proven to be very 

powerful in the elucidation of the yeast cell cycle process; however, this dimension alone 

is still not enough for the characterization of the whole process (Futcher et al. 1999; Gygi 

et al. 1999). A multidimensional map of yeast cell cycle requires more information such 

as expression levels of proteins and metabolites, the rate constants and stoichiometry for 

biochemical reactions, even the interaction between major cellular molecules (Bader et 

al. 2003). Such datasets can provide detailed insight into specific cellular functions, for 

example biological pathways and an integration of these information can enable 

computational simulation of cell cycle process (Cross et al. 2002). At the protein level, 

the elucidation of the components of the protein machines that administrate different cell 

cycle functions has achieved a great improvement. For example, ~60 kinetochore 

proteins have been identified by affinity purification of subcomplexes (De Wulf et al. 

2003; Westermann et al. 2003) and the spindle pole body of yeast was subject to the 

systematic proteomic analysis (Wigge et al. 1998). At the metabolite level, dynamics of 

intracellular amino acids and metabolites of glycolysis and TCA cycle were recorded 

during autonomous oscillations in budding yeast (Hans et al. 2003; Wittmann et al. 
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2005). However, in contrast to the precise quantitative measurement of mRNA, the 

comprehensive investigation of protein or metabolite changes in the cell cycle is still an 

open field and many of the regulatory mechanisms emanating from the cell cycle to other 

cellular machineries remain obscure.

In Chapter 5, using a combination of metabolite, protein and transcriptional 

profiling, we characterized three distinct dynamic steady states of the yeast that form in 

response to perturbing the synthesis of the universal methyl donor S-adenosylmethionine 

(AdoMet). In this chapter, the same strategy was applied to measure the system dynamic 

changes of yeast cells in the normal cell cycle process. We hope the combination of these 

approaches may culminate in a watershed in our understanding for the cell cycle field.

RESULTS

Experimental Overview

We wished to quantify the dynamic states of yeast cells in different cell cycle 

phases by measuring the abundance of major cellular molecules. Initially we used α
pheromone to arrest all MATa cells in G1 phase. The degree of synchrony can be 

determined by the unique pear-shaped (schmoo) morphology that α-factor arrested cells 

adopt. After released from G1 phase by pronase, every 20 minutes, for the following 220 

minutes, synchronized yeast cells were harvested and split for microscopy, FACS and 

different profiling analysis, as illustrated in Figure 6.1. 
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Figure 6.1 The diagram for quantifying the dynamic states of yeast cells in different 
cell cycle phases by measuring the major cellular molecules. 
 
The synchronized yeast cells were harvested at different cell cycle time points and 
split for microscopy and FACS analysis, transcription profiling by DNA microarray, 
protein profiling by tandem mass spectrometry and metabolite profiling by 2D-NMR. 
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αααα Factor – based Synchronization

To identify mRNA, proteins or metabolites of budding yeast whose levels vary 

periodically during the cell cycle, four-liter MATa cell cultures were synchronized by α-

factor, a pheromone composed of 13 amino acids. The degree of synchrony in different 

time-points was examined by budding index analysis with microscopy and at least 95% 

yeast cells were arrested at the START. Significant cell cycle synchrony could also be 

demonstrated by the objective FACS analysis, which is an effective method for DNA 

content determination (Figure 6.2A). Analysis of the DNA distribution allows the 

detection of the relative proportions of cells in the G0/G1, S-phase and G2+M phases of the 

cell cycle. From the serial graphs of FACS analysis (Figure 6.2B), we show that α-

factor-based synchronization produced significant cell cycle synchrony through more 

than one complete cell cycle although the total volume of the yeast culture was huge.

Identification of periodically expressed genes 

We collected microarray data for over 90% of S. cerevisiae genes to identify 

mRNA whose levels oscillate during the cell cycle grown in minimal medium. Gene 

expressions were measured as a function of time in yeast cells synchronized by α
pheromone and all data were analyzed by the combination of Fourier transform and 

correlation algorithms as described in Materials and Methods. Figure 6.3A shows the 800 

genes that met an objective minimum criterion for the cell cycle regulation in rich 

medium (Spellman et al. 1998). Figure 6.3B displays about 600 genes that we identified 

to be cell cycle regulated in minimal medium and sorted according to the phase of 

expression. In both figures, each column represents a time point in the synchronized

experiment, and each row represents a gene that we identified as cell cycle regulated.The 

ratio of expression for each gene in each time point is color coded, reflecting the 
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A

B

Figure 6.2 FACS analysis of synchronized yeast cells collected from different cell 
cycle time points. 
 
(A) Mechanism of FACS analysis for DNA content determination. Analysis of the 
DNA distribution allows the detection of the relative proportions of cells in the G0/G1,
S-phase and G2+M phases of the cell cycle. (B) FACS analysis of yeast cells in 
different time points demonstrated that α factor–based synchronization produced 
significant cell cycle synchrony through more than one complete cell cycle. 
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A B

Figure 6.3 Gene expression patterns for cell cycle – regulated genes.
(A) Gene expression patterns for cell cycle regulated genes in rich medium (adapted 
from Spellman et al. 1998). The 800 genes are ordered by the times at which they 
reach peak expression. (B) Gene expression patterns for cell cycle regulated genes in 
minimal medium. The 615 genes are ordered by the times at which they reach peak 
expression. In both graphs, each column represents a time point in the synchronized 
experiment, and each row represents a gene that is identified as cell cycle regulated.
The ratio of expression for each gene in each time point is color coded, reflecting the 
magnitude of the ratio of expression relative to the average of that gene, with shades of 
red indicating an increase (on) and shades of green indicating a decrease (off). 
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magnitude of the ratio of expression relative to the average of that gene, with shades of 

red indicating an increase (on) and shades of green indicating a decrease (off). 

Interestingly, only ~ 30% of genes that we identified in minimal medium overlap with the 

published cell cycle regulated genes (Figure 6.3A) although the same S. cerevisiae strain 

was used. 

As a test, we checked the expression levels of 5 genes that typically represent 

individual cell cycle phase in the published data (Spellman et al. 1998). As shown in 

Figure 6.4, the expression levels of these 5 genes change in a periodic manner coincident 

with the cell cycle in our synchronized experiment. The time-point of peak expression for 

each gene not only matches well with the cell cycle phase indicated by the previous 

experiments (Spellman et al. 1998), but also gives us a good phase reference for the 

following protein and metabolite profiling analysis.

Identification of periodically changed metabolites 

In the 1H-13C 2D-NMR metabolite profiling experiment for synchronized yeast 

cells, we measured ~300 most abundant metabolite peaks and assigned ~1/3 of them. As 

one metabolite may have several peaks in the NMR spectrum, we calculated the 

abundance of each metabolite by averaging its assigned peaks. The detailed information 

about NMR data normalization and analysis is described in Chapter 4.

By visual inspection of the data variance and time-points of peak expressions, 

many metabolites show indications of cell cycle regulation although we could not 

objectively distinguish this behavior from noise. As shown in Figure 6.5, peak abundance 

of phenylalanine (Phe), Valine (Val), isoleucine (Ile) and Leucine (Leu) occur in early-
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Figure 6.4 The periodic expressions of 5 cell cycle regulated genes in the minimal 
medium. 
 
The expressions of these 5 typical genes, which represent individual cell cycle phase 
in the published data (Spellman et al. 1998), change in a periodic manner coincident 
with the cell cycle in our synchronized experiment. 
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Figure 6.5 The abundance of eight assigned metabolites change in a periodic manner 
coincident with the cell cycle in synchronized yeast cells and peak in G1 phase. 
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G1 phase. The abundance of glycerol, acetate, alanine (Ala) and glutathione (GSH) are 

also upregulated in G1 phase except that their peaks are slightly later. The peak 

abundance of free nucleic acids (except for UMP), asparagine (Asn), glutamic acid (Glu)

and proline (Pro) show up in S phase (Figure 6.6) and only tyrosine (Tyr) peaks in M 

phase (Figure 6.7). Among all assigned metabolites, glycerol abundance variation is best 

correlated with cell cycle, however, the amplitudes of all metabolite abundance 

variations, including glycerol, are relatively low.

Comparison between mRNA, proteins and metabolites

In Chapter 3, we proposed a novel statistical algorithm to calculate the abundance 

of yeast proteome and demonstrated that Protein Enrichment Index (PEI) of yeast 

proteome, the output of our method, correlated quite well with the global quantitation of 

yeast proteome measured by comprehensive western blot analysis (Ghaemmaghami et al. 

2003). Here we profiled ~2000 proteins expressed by yeast cells in different cell cycle 

phases using “MudPIT” style (Washburn et al. 2001) multi-dimensional high-

performance liquid chromatography and tandem mass spectrometry (LC/LC/MS/MS), 

and quantitated them using Protein Enrichment Index (PEI).

By the combination of Fourier transform and correlation algorithms, we identified 

~30 proteins whose abundance variations highly correlated with cell cycle. Some periodic 

proteins show the similar periodic trends with their corresponding gene expressions and 

peak in the same cell cycle phase, although as a whole the correlation between mRNA 

and protein expression is fairly weak at each time point. For example, asparagines 

synthetase (ASN2), as shown in Figure 6.8A, whose mRNA and protein abundance 

variations not only have the matching pace, but also peak in the same phase as its 
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Figure 6.7 The abundance of tyrosine (Tyr) changes in a periodic manner coincident 
with the cell cycle in synchronized yeast cells and peaks in M phase. 
 

Figure 6.6 The abundance of four assigned metabolites change in a periodic manner 
coincident with the cell cycle in synchronized yeast cells and peak in S phase. 
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metabolite product asparagine. On the other hand, some periodic proteins show 

the similar periodic trends with their corresponding gene expressions, but their abundance 

peaks show up in different cell cycle time-points. CDC47, one component of the mini-

chromosome maintenance (MCM) complex, is an example and its mRNA and protein 

abundance variations are displayed in Figure 6.8B. 
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Figure 6.8 Comparison between corresponding periodic mRNA, proteins and 
metabolites.  
 
(A) mRNA and protein abundance variations of ASN2 have the matching pace and 
peak in the same phase as its metabolite product asparagines (Asn). (B) mRNA and 
protein abundance variations of CDC47 have the matching pace, but the peak of 
CDC47 proteins shows up 10-20 minutes later than that of CDC47 mRNA. 
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metabolite product asparagine. On the other hand, some periodic proteins show the 

similar periodic trends with their corresponding gene expressions, but their abundance 

peaks show up in different cell cycle time-points. CDC47, one component of the mini-

chromosome maintenance (MCM) complex, is an example and its mRNA and protein 

abundance variations are displayed in Figure 6.8B. 

DISCUSSION

Based on the successful combination of mRNA, protein and metabolite profiling 

on one carbon metabolism study, we tried to quantify the dynamic states of yeast cells in 

different cell cycle phases by measuring the abundance of their major cellular 

molecules. Altogether four different synchronization methods have ever been used for 

large-scale cell cycle analysis: α-factor arrest, temperature arrest of a temperature-

sensitive mutant (CDC28 or CDC15) and elutriation synchronization (Cho et al. 1998; 

Spellman et al. 1998). Although the elutriation-based synchronization, possibly being the 

least perturbing of all synchronization methods, may give the most accurate 

characterization of the state of cells during the normal, unperturbed cell cycle (Shedden 

et al. 2002),  this method was not very effective for large amounts of yeast cells (Alter 

et al. 2000). Since numerous cells were required for different profiling study and α-

factor method can give better synchrony in this condition, we adopted α-factor 

synchronization in our cell cycle study although it might introduce artifacts caused by 

the pheromone. 

As protein and metabolite profiling experiments required yeast cells grown in 

minimal medium, to be consistent across different profiling studies, we also collected 

microarray data from synchronized yeast cells grown in minimal medium to identify 
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genes whose mRNA abundance oscillate during the cell cycle. While the Saccharomyces 

cerevisiae cell cycle data sets (Cho et al. 1998; Spellman et al. 1998) have been subjected 

to a wide range of bioinformatics analysis, aimed at identifying the correct and complete 

set of periodically expressed genes, a recent paper surprisingly revealed that most new 

and more mathematically advanced methods actually perform worse than the analysis 

published with the original microarray data sets (de Lichtenberg et al. 2005). Therefore, 

we analyzed our data by the combination of Fourier transform and correlation algorithms 

and identified ~600 genes that met an objective minimum criterion for the cell cycle 

regulation. Interestingly, only ~30% of these 600 genes overlap with the published cell 

cycle regulated genes (Spellman et al. 1998) although we used the same S. cerevisiae

strain in our study. One possible explanation for this large discrepancy is that the 

functions of ~30-40% of cell cycle regulated genes are related to the cellular metabolism 

and the nutritional conditions of yeast have a profound impact on their expressions; 

another excuse may be from the reproducibility of different experimental systems since 

the overlap between the two published cell cycle data sets (Cho et al. 1998; Spellman et 

al. 1998) is also fairly low; the last, maybe the most important reason is that the 

amplitude of gene expression changes in minimal medium is low compared with that in 

rich medium, which might lead to the confusion in the identification of cell cycle 

regulated genes from our data sets.

In addition to the periodical gene expressions, some metabolites also show 

indications of cell cycle regulation by visual inspection of their abundance variations and 

time-points of peak expressions. The amplitude of metabolite abundance variations is 

obviously weaker than that of mRNA. Among all identified metabolites, unexpectedly, 

glycerol abundance variation is best correlated with cell cycle and peaks periodically in 
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G1 phase. From previous studies, we know that, in G1 phase, yeast cells grow very fast 

and need to reach a critical cell size in order to pass Start (Rupes 2002). Cell-walled 

microorganisms including budding yeast require a positive cell turgor pressure, in excess 

of a critical value, to permit cell expansion (i.e., growth) and glycerol is the major low-

molecular-weight solute responsible for the intracellular osmotic pressure in 

exponentially growing yeast cells (Reed et al. 1987), which might reasonably explain 

why glycerol abundance is periodically rich in G1 phase. As to free nucleic acids (except 

for UMP), it makes sense that they are most abundant in S phase since cells are active in 

chromosome replication during this phase. The explanations or regulations for other 

periodic metabolites still need further investigations.

In the identification of periodic mRNA and metabolites, we found that the second 

cell cycle period becomes shorter and cells start to lose synchrony from the mid of 

second cycle. For budding yeast in wild-type conditions, at the beginning of the second 

cell cycle, smaller daughter cells undergo substantial growth before G1–S (Start), 

whereas larger mother cells rapidly initiate S phase. When budding yeast cells switch 

from rich medium to the poor medium (e.g. minimal medium), G1 phase becomes 

relatively extended and S, G2 and M phases are not affected (Rupes 2002). Therefore, in 

minimal medium daughter cells need more time to grow up and pass the G1 checkpoint 

compared with mother cells, which directly lead to the observation that synchronized 

yeast cells easily lose synchrony in minimal medium than in rich medium. This factor 

should be considered in the data analysis and comparison.

While the expressions of ~600 genes were identified under cell cycle regulation 

by the Fourier transform analysis, only ~30 periodic proteins were found using the same 
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analysis. The Fourier transform analysis requires at least 70% data existing for each 

protein, however, only ~300 most abundant proteins were detected at least in 8 time-

point samples although over 2000 proteins were identified at least once in the 

LC/LC/MS/MS experiments. Many periodic proteins were thus ignored because of their 

low abundance in the valley samples. For example, CLN2, which encodes a G1 cyclin, 

peaks in 20min and 120min samples at the gene expression test shown in Figure 6.4. In 

LC/LC/MS/MS experiments, CLN2 proteins were only successfully identified twice in 

12 samples and they are at 40 min and 140min time-points individually. As a result, the 

CLN2 protein can’t be identified in the Fourier transform analysis although its abundance 

variation also seems be periodic.

The correlation between induced changes in mRNA- and protein- expression

profiles is a controversial topic. Many publications claimed that mRNA abundance was 

not a reliable indicator of corresponding protein abundance (Gygi et al. 1999; Chen et al. 

2002; Griffin et al. 2002; Washburn et al. 2003). In chapter 3, we reported a significant 

correlation between the PEI values of yeast proteome with mRNA abundance measured 

by the earlier Affymetrix microarray analysis of log-phase yeast cells. However, in the 

cell cycle experiments, the correlation between mRNA and protein expressions is fairly 

weak at each time point. In addition to the post-transcriptional control of protein 

translation and protein modifications issues which have been widely discussed (Parekh et

al. 1997; McCarthy 1998; Griffin et al. 2002), there might be another three reasons for 

the discrepancies. Firstly, obvious coverage unbalances exist between the mRNA and 

protein measurements. Despite significant improvements for assaying protein expression

using mass spectrometry, the number and quality of quantified proteins at each time point 

are still well below those of measured mRNA, especially for the proteins with low 
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abundance. Secondly, the quantitation is different between PEI method and cDNA 

microarray. PEI corresponds to the absolute quantitation of protein abundance, while 

cDNA microarray measures the relative abundance of mRNA compared to reference.  

Thirdly, there are biological delays between mRNA and protein expressions for some 

genes, which are especially obvious in the synchronized samples. As displayed in Figure 

6.8, the abundance peaks of some periodic proteins (e.g. CDC47 and CLN2) show up 10-

20 minutes later compared with their corresponding gene expressions, while some 

periodic proteins (e.g. ASN2) and their mRNA almost peak at the same time point.

MATERIALS AND METHODS

Yeast strains

Saccharomyces cerevisiae strain used in this study is DBY8724 (MATa  GAL2 

ura3 bar1::URA3) (Spellman et al. 1998).

Media and growth conditions

All yeast cells were grown in synthetic minimal medium (YMD) containing 0.7% 

yeast nitrogen base without amino acids (DIFCO Bacto), 2% glucose, supplemented with 

uracil (20 mg/L). Cultures of yeast were shaken at 250 rpm and at 30 °C. 

 

αααα-factor–based synchronization

Four liters of yeast cells were grown to mid-log phase and α-factor (synthesized 

by UT – Austin facility center) was added to a final concentration of 50ng/ml. The degree 

of synchrony could be determined by the unique pear-shaped (schmoo) morphology that 
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α-factor arrested cells adopt. After about 180min, α-factor was removed by pelleting 

cells at 1500rpm for 7min and decanting the supernatants. The arrested cells were washed 

by sterilized PBS for two times and then resuspeneded in fresh media containing 70µg/ml 

of pronase (Calbiochem) to OD600 of 0.8. Every 20 minutes, for the following 220 

minutes, 200–500ml yeast cells were taken out for the metabolite extractions, 5-10ml 

cells were frozen in liquid nitrogen for RNA preparation, 20-30ml cells were frozen in 

liquid nitrogen for protein preparation and 1ml cells were used for FACS analysis and 

microscopy observation.

Budding index calculations

Yeast cells from each time point were sonicated for 30s at 30% power to separate 

divided cells. At least 200 cells were counted and scored for the presence and size of a 

bud.

FACS analysis

The protocol and instrument for FACS analysis were described in Chapter 2.

mRNA preparation and DNA microarray analysis

The detailed protocols for mRNA preparation and cDNA microarray analysis 

were described in Chapter 5. All Data were uploaded into the LAD microarray database 

(Killion et al. 2003) and filtered to pass minimum quality control thresholds (sum of 

median intensities > 150 and regression correlation across spot pixels > 0.6) before 

further analysis.
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Protein preparation and LC/LC/MS/MS analysis

The detailed protocols for protein preparation and LC/LC/MS/MS analysis were 

described in Chapter 5.

Metabolite extraction and 1H-13C NMR data collection

The methods and experimental conditions for metabolite extraction, 1H-13C NMR 

data acquisition, processing, and normalization were same as those in Chapter 4.

Identification of cellular molecules regulated in a cell cycle-dependent manner

Data for each kind of cellular molecules (mRNA, proteins or metabolites) in the 

α-factor time series were extracted and normalized so that the average log2 (ratio)over the 

course of the experiments was equal to 0. A Fourier transform (Eq. 1-3) was applied to 

the data series for each molecule, and the resulting vector (C) was stored for each 

molecule, where ω is the period of the cell cycle, t is the time, φ is the phase offset,and 

ratio(t) is the ratio measurement at time t. The magnitude of the Fourier transform (D, Eq. 

4) was unstable for small variations of ω, so the vectors of the transform over a range of 

40 values were averaged, which were evenly spaced around the estimated division time 

for the experiment (90 ± 9). We initially set the value of φ to 0.

(1)

(2)

(3)

(4)                      
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The profile of each molecule across the experiments was then correlated to five 

different profiles representing molecules known to peak in G1, S, G2, M, and M/G1 using 

a standard Pearson correlation function. Then we randomized the data from each 

experiment (both by molecule and by time point) and performed all of the analyses 

described above. We finally selected a threshold score with 5% false positive rate. The 

original code for this analysis was from Dr. Brown lab (Stanford) and Alex Scouras 

revised the program according to our analysis.
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Chapter 7: Conclusions and Recommendations

Systems biology seeks to explain biological phenomenon, not on a gene-by-gene 

basis, but through the net interactions of all cellular and biochemical components within a 

cell or organism (Liu 2005). To generate accurate descriptions of the interaction and 

operation of different components, we sought to explore and develop high-throughput 

measurement technologies and algorithms for major cellular molecules. 

DNA microarrays can measure the expression levels of thousands of genes 

simultaneously. Expression deconvolution, a new algorithm we proposed on expression 

pattern analysis, can reveal dynamic changes in cell populations by reinterpretation of 

DNA microarray data. Using expression deconvolution method, we demonstrated 

population dynamics during the cell cycle, during the arrest of cells induced by DNA 

damage and the release of arrest in a cell cycle checkpoint mutant, during sporulation, 

and following environmental stress. At the same time, cell cycle defects were identified 

and temporally ordered in ~ 130 yeast deletion mutants from over 300 deletions.

In the protein quantitation study, we established a novel statistical algorithm to 

calculate protein expression index (PEI) from protein sampling depth provided by 

shotgun proteomics (Washburn et al. 2001), which correlates well with protein 

abundance measured by western blot and 2D gels. The PEI- derived protein abundance is 

more consistent than data from either of these approaches with measures of mRNA 

abundance. This index is easily calculated and highly reproducible between replicate 

experiments, providing absolute protein abundance measurements across over 4 orders of 
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magnitude. Compared with current quantitation techniques, this method does not require 

isotope labeling or addition of reference standards, and is simple to generalize to other 

modes of mass spectrometry proteomics.

1H-NMR is dominant in the NMR-based metabolomics study (Bligny et al. 2001; 

Raamsdonk et al. 2001). 1H-13C 2D-NMR, which we have developed for the metabolite 

profiling of complex biological samples, takes advantage of the extended 13C NMR 

spectral range and greatly reduces the overlap between peaks in the 1H-NMR spectrum, 

allowing accurate identification and quantitation of metabolites. Using correlation 

spectroscopy and spiking experiments, we quantified ~300 of the most abundant yeast 

metabolite peaks, assigned over one third of them, and demonstrated a linear relationship 

between metabolite concentration and the analytical signal over 3 orders of magnitude. In 

addition to reproducibly measuring changes in the yeast metabolome extracts across 

varying experimental conditions, 1H-13C 2D-NMR is also non-invasive and compatible 

with living cells.

With the establishment of the high-throughput techniques at different levels, we 

combined mRNA, protein and metabolite profiling in system dynamic study of one 

carbon metabolism and yeast cell cycle. Integrating various “omic” data, we showed that 

the AdoMet hyperaccumulation in one carbon pathway causes a gross change in the 

global metabolome, accompanied by both transcriptional and post-transcriptional 

responses, ultimately leading to a G1-delay defect in the cell cycle. At the same time, we 

initiated charting the multidimensional map of yeast cell cycle by providing the dynamic 

abundance changes of major cellular molecules in different cell cycle phases. All these 

studies indicate that for many cases the measurement of mRNA response is not predictive 
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of the corresponding protein or metabolite pathway responses. Consequently, these 

different types of data provide complementary information to the elucidation of 

mechanisms of control that would not be evident from information obtained at only a 

single level of gene expression. This validates an essential idea for the systems approach 

to biology that it is only through the integration of different levels of information that the 

system dynamic state can be described comprehensively.

RECOMMENDATIONS FOR FURTHER STUDIES

Developments in high-throughput measurement technologies drive the emergence 

of systems biology. However, to produce enough information for constructing models of 

complex biological systems, the current techniques need to be further advanced. For 

example, while about 4000~5000 proteins in total are expressed in yeast cells 

(Ghaemmaghami et al. 2003), shotgun proteomics can only measure one third of them 

and biases toward abundant proteins. Many functionally important proteins, such as 

transcription factors and cell-cycle proteins, are present at very low expression levels and 

almost entirely invisible in current MS-based proteome analysis. We argue that this 

under-sampling problem might be addressed by identifying proteotypic peptides, 

enhancing protein or peptide separation system, incorporating post-translational 

modification identification and improving computational identification algorithm. 

The large volumes of data generated by high-throughput technologies lead us at a 

crossroads in how to integrate these data and how to explore biology by systems 

approaches. For example, in yeast cell cycle study, measurement of dynamic changes on 

major cellular molecules marks only the beginning of charting the multidimensional map 

of yeast cell cycle. A bigger challenge is organizing and integrating these diverse 
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profiling data in a way that allows us to extract coherent information and make relevant 

conclusions about poorly understood parts of complicated biological processes. First, 

analysis of high-throughput data requires mathematical tools that are adaptable to the 

large quantities of data, while filtering out experimental artifacts and reducing the 

complexity of the data to make them comprehensible. Singular value decomposition 

(SVD) is one of the mathematical frameworks used for removing background noise and 

modeling genome-wide expression data (Alter et al. 2000). Its derivative, generalized 

SVD (GSVD), has been applied for the comparison of yeast and human cell cycle-

expression data sets (Alter et al. 2003). Therefore, the application of mathematical tools 

(such as SVD and GSVD) in biology study might be a good start for processing high-

throughput data and comparing the profiling data at different levels. Second, the 

properties of biological systems require the large-scale organization of various data into 

functional pathways, systems, and networks. Complex biological systems display 

emergent properties (Auffray et al. 2003). They are not demonstrated by their individual 

parts and cannot be predicted even with full understanding of the parts alone. The 

activities of organisms are not inherent in DNA, RNA, proteins or metabolites, but a 

consequence of their actions and interactions. In addition to different profiling data, 

various functional genomics information have been available, for example, 

transcriptional circuits deduced from microarray and ChIP-chip experiments (Futcher 

2002), protein-protein interactions from systematic affinity purification (Ho et al. 2002; 

Archambault et al. 2004), and phenome mapping by RNAi-based phenotypic screens 

(Carpenter et al. 2004). With the development of intricate networks of interactions 

between major cellular molecules, our understanding of many molecular mechanisms 

will be improved.
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The integration of discovery and hypothesis-driven science is another mandate of 

systems biology. Systems biology attempts to define all of the elements in a system and 

create an information database (Ideker et al. 2001). On the other hand, many interesting 

hypotheses derived from systematic study need to be examined by traditional techniques 

or confirmed by existing evidence. For example, in one carbon metabolism study, using 

various profiling data, we proposed that overproduction of polyamines is one cause of the 

cell cycle delay in cells with AdoMet hyperaccumulation. To verify this hypothesis, the 

abundance of different kinds of polyamines and their possible working mechanisms need 

to be validated by molecular biology experiments. 

Although systems biology is still in its infancy, its potential benefits are 

enormous. A transition is occurring in biology from the molecular level to the system 

level that seeks to revolutionize our understanding of complex biological systems and to 

provide major new opportunities for practical application of such knowledge in medicine.
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