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Abstract The application of metabolomics to human and

animal model systems is poised to provide great insight

into our understanding of disease etiology and the meta-

bolic changes that are associated with these conditions.

However, metabolomic studies have also revealed that

there is significant, inherent biological variation in human

samples and even in samples from animal model systems

where the animals are housed under carefully controlled

conditions. This inherent biological variability is an

important consideration for all metabolomics analyses.

In this study, we examined the biological variation in
1H NMR-based metabolic profiling of two model systems,

the yeast Saccharomyces cerevisiae and the nematode

Caenorhabditis elegans. Using relative standard deviations

(RSD) as a measure of variability, our results reveal that

both model systems have significant amounts of biological

variation. The C. elegans metabolome possesses greater

metabolic variance with average RSD values of 29 and

39%, depending on the food source that was used. The S.

cerevisiae exometabolome RSD values ranged from 8% to

12% for the four strains examined. We also determined

whether biological variation occurs between pairs of phe-

notypically identical yeast strains. Multivariate statistical

analysis allowed us to discriminate between pair members

based on their metabolic phenotypes. Our results highlight

the variability of the metabolome that exists even for less

complex model systems cultured under defined conditions.

We also highlight the efficacy of metabolic profiling for

defining these subtle metabolic alterations.

Keywords Biological variance � Model systems �
Metabolic profiling

Introduction

Metabolomics is the comprehensive analysis of the

metabolites in a biological sample. The metabolic pheno-

type or metabotype generated from metabolite profiling

provides a read-out of the cell’s metabolic state. The

metabotype is the product of genetic and environmental

contributions under a particular set of conditions (Holmes

et al. 2008; Nicholson 2006). The metabolome is context-

dependent and changes in metabolite concentrations reflect

changes in the physiological, developmental or pathological

state of the cell, tissue or organism (Raamsdonk et al. 2001).

Metabolites are the ultimate end products of gene expres-

sion and changes in their levels are thought to be the most

sensitive and discriminatory measure of the cellular state

(Holmes et al. 2008; Kell et al. 2005). Therefore, metabolic

profiling offers insight into how changes in metabolites are

related to phenotype (Mapelli et al. 2008). Metabolomics

can be used to examine the intricate connection between

mutation, metabolism and disease. Several metabolites that

can serve as useful diagnostic biomarkers of pathogenesis in

humans have been identified (MacIntyre et al. 2010; Lanza

et al. 2010; Jansson et al. 2009; Bogdanov et al. 2008; Zira

et al. 2010; Carrola et al. 2010). In addition, metabolomics

facilitates the generation of specific testable biochemical

hypotheses and opens new research directions.

With the application of metabolomics to the study of

human disease, it has become increasingly apparent that a
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number of intrinsic and extrinsic factors can affect the

human metabolome. Factors that contribute to biological

variation include, but are not limited to age, genetics, gut

microflora, diet, lifestyle and environmental factors (Holmes

et al. 2008; Walsh et al. 2008; Crews et al. 2009; Lenz et al.

2003; Solanky et al. 2003; Saude et al. 2007). Significant

inter-individual variability of metabolic profiles can com-

plicate the interpretation of data. In a recent study, it was

determined that human cerebrospinal fluid and plasma show

significant biological variation, with median relative stan-

dard deviations (RSD, also referred to as coefficients of

variation) of 35 and 46%, respectively (Crews et al. 2009).

Urine, a commonly used biofluid in metabolomic studies, is

even more variable with RSD values of some metabolites

being greater than 200% (Saude et al. 2007).

Metabolomic studies have been applied to a variety of

non-human model systems in an effort to minimize varia-

tion caused by extrinsic factors. In model system studies,

environmental, behavioral and genetic variation can be

minimized or controlled (Crews et al. 2009). In one study,

urine metabolic profiles of animals housed in controlled

conditions and consuming the same diet showed a smaller

degree of biological variation when compared to humans

(Bollard et al. 2005). However, in another study on guinea

pigs, the profiles showed similar biological variability for

some metabolites but greater variability for others when

compared to a human control population (Saude et al.

2007). These data demonstrate that animal model systems

will inherently display a significant degree of biological

variation and this has the potential of obscuring metabolic

differences between wild-type and disease states. Biologi-

cal variation must be carefully considered before any

conclusions are drawn. Metabolic analysis of other model

organisms, such as Arabidopsis thaliana reveals significant

biological variation in metabolite concentrations, with an

average RSD of *40% (Fiehn et al. 2000). In a recent

study, Parsons et al. determined the RSD values for a

number of metabolomic datasets, spanning a variety of

sample types from mammals, fish, invertebrates and a

cultured cell line. Inter-individual biological variation

ranged from a RSD of 7.2% for rat tissue extracts to 58.4%

for fish plasma (Parsons et al. 2009). In several of the

previously mentioned studies, analytical reproducibility

was also examined as a potential source of the variability

and shown not to be a major contributing factor (Parsons

et al. 2009; Fiehn et al. 2000; Crews et al. 2009).

We have previously used simple model systems, such as

the yeast Saccharomyces cerevisiae and the nematode

Caenorhabditis elegans for metabolomic studies focusing

on understanding mitochondrial diseases, particularly

defects of the mitochondrial respiratory chain (Reinke et al.

2010; Szeto et al. 2007, 2010). In C. elegans, we investi-

gated how the metabolome was affected by complex I

(NADH:ubiquinone oxidoreductase) dysfunction. In

S. cerevisiae, we examined how the extracellular metabo-

lome or exometabolome was affected by succinate dehy-

drogenase (SDH, complex II) dysfunction. Changes in the

exometabolome have been shown to be a direct reflection

of intracellular metabolic activity (Mapelli et al. 2008;

Shaham et al. 2010; Kell et al. 2005; Allen et al. 2003;

Dowlatabadi et al. 2009). Monitoring the exometabolome

is also efficient, noninvasive and not subject to the tech-

nical challenges related to isolating intracellular metabo-

lites (Kell et al. 2005; Allen et al. 2003). In light of the

reports of biological variation seen in other model systems,

we examined the variability present in our yeast and worm

model system studies. In this study, we determined the

RSD values for the metabolites characterized and report

that an appreciable amount of biological variation exists.

This biological variation is also apparent when examining

genetically comparable yeast strains. Using multivariate

statistical analysis, we are able to discriminate between the

metabotypes of two SDH knockout strains and the two

knockouts complemented with a plasmid carrying wild-

type SDH genes; yet, these strains form two phenotypically

identical pairs. Our results demonstrate that even ‘‘simple’’

model systems cultured under controlled conditions exhibit

significant biological variation in their metabolomes.

Experimental procedures

Worm strains and culture conditions

The C. elegans N2 (Bristol) wild-type strain was used.

Worms were cultured on either nematode growth media

(NGM) plates seeded with E. coli OP50 or on NGM con-

taining 1 mM IPTG and 25 lg ml-1 carbenicillin and

seeded with E. coli HT115 (DE3) transformed with the

L4440 vector (Lewis and Fleming 1995; Fraser et al. 2000).

Cultures were inoculated with synchronized L1 stage

worms and maintained at 20�C as described (Reinke et al.

2010). Worms were harvested, incubated in sterile water for

30 min to allow digestion of gut bacteria and washed three

times (Grad et al. 2007). Worm pellets were suspended in

900 ll of sterile water and three 10 ll aliquots were

removed to quantify total protein. Seven biological repli-

cates were collected for worms fed E. coli OP50 and six

were collected for worms fed E. coli HT115 L4440.

Yeast strains, media and culture conditions

The S. cerevisiae knockout strains sdh3W1 (MH125,

sdh3::TRP1) and sdh4W2 (MH125, sdh4::TRP1) have

been described previously (Oyedotun and Lemire 1997,

1999; Szeto et al. 2007). The yeast knockout strains were
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transformed with either empty low-copy plasmids or

plasmids containing the corresponding wild-type SDH3 or

SDH4 genes by lithium acetate-mediated transformation

(Gietz et al. 1992). Strains were plated on solid SD medium

containing casamino acids (0.5% w/v) without tryptophan

for plasmid retention. Cells were grown for 36 h at 30�C in

2 ml of YP medium containing 0.25% glucose. This is a

modified version of a medium previously used to examine

acid secretion (Szeto et al. 2007; de Kok et al. 1975). To

eliminate potential variations in the metabolite profiles

arising from the growth medium composition, a single

batch of medium was used to culture all strains in this

study. Following completion of the incubation period, the

optical densities (OD) of the cultures at 600 nm were

determined. Cultures were centrifuged to pellet cells and

the clarified media were transferred to microcentrifuge

tubes as described (Szeto et al. 2010). Twelve biological

replicates were collected for each strain.

Metabolite extraction

Worms were lysed on ice in trichloroacetic acid (TCA; 5%

final concentration) by sonication. Clarified post growth

yeast media were also treated with TCA (5% final con-

centration) and incubated on ice for 30 min to precipitate

protein. Both worm and yeast samples were centrifuged at

14,0009g for 15 min at 4�C. Supernatants were recovered

and pH neutralized with 5 M NaOH. Protein-free lysates

were re-clarified by centrifugation. All samples were flash

frozen in liquid nitrogen before lyophilization.

Sample preparation for NMR spectroscopy

Dry protein-free lysates were dissolved in 570 ll D2O

(99.9%; Isotec Inc., Miamisburg, OH). 30 ll of 5 mM 2,2-

dimethyl-2-sila 3,3,4,4,5,5-hexadeutero-pentane sulphonic

acid (DSS-d6, Chenomx Inc., Edmonton, AB) were added as

a chemical shift indicator and concentration standard for

NMR analysis. The pH was recorded for calibration pur-

poses and samples were centrifuged at 14,0009g for 3 min

to remove particulate matter. 510 ll of supernatant were

transferred to 5 mm diameter NMR tubes for data collection.

1H NMR spectroscopy and NMR data processing

One-dimensional 1H NMR spectra were acquired on a

600 MHz Varian Inova spectrometer (Varian Inc., Palo

Alto, CA) at 30�C using a tnnoesy pulse sequence (circa

Vnmr 6.1B software, Varian Inc.). Parameters were con-

sistent with those previously described (Szeto et al. 2007,

2010; Reinke et al. 2010). Chenomx NMR Suite Profes-

sional software v5.1 (Chenomx Inc., Edmonton, AB) was

used for metabolite identification and quantification. This

software uses pattern recognition and lineshape deconvo-

lution to fit spectra based on highly specific peak patterns

(Weljie et al. 2006). The resonance linewidths are input

from the reference standard, DSS. The spectral patterns of

many metabolites often contain more than one peak

throughout the spectrum, forming complex and distinctive

sets of peaks. In addition, the spectral baseline often varies

across regions but fitting can be achieved by using only the

top portion of any peak as long as overall fit is consistent

across all regions. As such, baseline inconsistencies do not

affect quantification accuracy. For additional consistency,

the same sets of peaks were always utilized for quantifi-

cation of any one metabolite.

Metabolite data analysis

Worm metabolic data were normalized to protein contents.

Yeast metabolic data were normalized to the mass of total

dried protein-free lysate and to OD of the culture. Relative

standard deviation (standard deviation/mean 9 100%) was

determined for each metabolite in each sample set. Box

plots were generated as previously described (Cann 2003;

Massart et al. 2005). The Mann–Whitney test was used to

analyze whether the two worm metabolite RSD distribu-

tions differed significantly (Corder and Foreman 2009).

Multivariate statistical analyses were performed using

Simca P ? v12.0.1 software (Umetrics, Umeå, Sweden)

(Eriksson et al. 2001). Data were not transformed but were

scaled to unit variance, dividing each variable by its stan-

dard deviation, and mean centered to provide equal

importance to all variables. Data were visualized using

both the unsupervised principal component analysis (PCA)

and the supervised partial least square discriminate analysis

(PLS-DA). R2 and Q2 values were used to assess the fit and

predictability of the respective models. To examine the

possibility of spurious model generation, validations of

each group within each model were performed. The soft-

ware randomly generated 999 permutations of y-variables

(metabolites), while keeping x-variables (strain) intact, and

facilitated a comparison of the measures of fit (R2 and Q2)

from the generated permutations to those of the original.

Statistical significance of the differences between groups in

each model was determined using CV-ANOVA (analysis

of variance testing of cross-validated predictive residuals).

Results

Biological variation observed in the worm and yeast

model systems

We determined the RSD values for each metabolite to

quantify spectrum-wide variability in the metabolomes
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(Fig. 1; Table 1) of whole worm, protein-free lysates and

protein-free, exometabolome lysates of yeast. RSD values

demonstrate reproducibility in large data sets. They can

also offer a frame of reference when manipulating or

developing new preparation methods for biological sam-

ples (Parsons et al. 2009). C. elegans are routinely cul-

tured on NGM plates seeded with E. coli OP50. This

strain is an uracil auxotroph and produces a thin lawn on

NGM plates, allowing for easier visualization of the

worms (Brenner 1974). Alternatively, another laboratory

E. coli strain HT115 (DE3) is used for feeding-mediated

gene suppression by RNA-interference (RNAi) (Kamath

et al. 2001). HT115 is transformed with the empty vector

L4440 as an RNAi control. Using six samples of wild-type

worms fed E. coli HT115 L4440, variance in whole worm,

protein-free lysates ranged from 17 to 46%, with an

average RSD of 29%. Three metabolites glycerol, leucine

and methionine had a coefficient of variance greater than

40%. Using seven samples, variance in worm lysates from

wild-type worms fed E. coli OP50 ranged from 18 to 64%,

with an average RSD of 39%. Nine metabolites had a

coefficient of variance greater than 40%: choline, fuma-

rate, glucose, glutamate, glutamine, methionine, serine,

tryptophan and valine. The RSD distributions of these two

metabolomes were compared and are significantly differ-

ent (p \ 0.001). The average RSD of the yeast exometa-

bolomes were 12% for the complemented strains and 11%

for the knockout strains. Although the average RSD val-

ues were quite similar, there was greater variance in the

replicates of the complemented SDH4 strain, exhibiting a

range of 5–35%. The most variable metabolites in the

complemented SDH3 exometabolome were asparagine,

myo-inositol and nicotinate. Choline, asparagine, lactate

and myo-inositol were the most variable exometabolites of

the complemented SDH4 metabolome. Choline was the

most variable metabolite, with an RSD greater than 35%.

Myo-inositol was the only metabolite in the SDH3

knockout strain that varied by more than 20% of the

mean. However, a-ketoglutarate, choline, lactate and myo-

inositol all exceeded 20% variation in the SDH4 knockout

strain. In addition, we did not observe any correlation

between the RSD and the concentration of metabolites

Fig. 1 RSD values determined for the metabolites identified in a,

wild-type, whole worm, protein-free lysates from worms fed E. coli
HT115 L4440, grey (N = 6) or fed E. coli OP50, white (N = 7);

b exometabolome of the complemented SDH3, grey (N = 12) and

SDH4, white (N = 12) yeast strains; c exometabolome of knockout

SDH3, grey (N = 12) and SDH4, white (N = 12) yeast strains

Table 1 Summary of the metabolomic datasets used in this study

Metabolite Dataset Metabolome type No. of metabolites

quantified

Average % RSD Range of % RSD

C. elegans on OP50 Intracellular 26 39 18–64

C. elegans on HT115 L4440 Intracellular 26 29 17–46

S. cerevisiae SDH3 WT Extracellular 33 12 9–24

S. cerevisiae SDH4 WT Extracellular 33 12 5–36

S. cerevisiae SDH3 KO Extracellular 33 8 4–21

S. cerevisiae SDH4 KO Extracellular 33 11 5–25
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quantified. The RSD values were not significantly higher

for metabolites that had either very small (\10 lM) or

very large ([10 mM) concentrations (data not shown).

These data are also represented as box plots shown in

Fig. 2. The box plot yields a simple visual representation

of the RSD data sets. The lower, middle and upper lines of

the boxes represent the lower quartile, median and upper

quartile of each RSD data set, respectively. The error bars

show the range of the data. The yeast exometabolomes

were much less variable than the whole-worm metabolo-

me. Variance in the wild-type whole-worm metabolome

was altered by food source.

Multivariate analysis of yeast exometabolomes

We employed multivariate analysis to establish metabotype

differences between previously characterized yeast strains.

The metabotypes of two knockout strains (SDH3 KO and

SDH4 KO) were compared to each other. This was also

done with the respective complemented strains (knockout

strains with plasmid-borne copies of the wild-type SDH3

and SDH4 genes, respectively). Partial least square dis-

criminant analysis (PLS-DA) provided a supervised eval-

uation of the variation between the two data sets examined

(Fig. 3). Each colour-coded dot represents a replicate

metabotype in the representative PLS-DA score plots. The

PLS-DA models indicated that the complemented strains

could be discriminated from each other (Fig. 3a). A similar

result was also obtained for the two knockout strains

examined (Fig. 3b). PLS-DA yields an opportunity for

statistical analysis of the models. The PLS-DA model

comparing the two complemented strains resolved two

components with R2X, R2Y, and Q2 values of 0.688, 0.872

and 0.8, respectively. The PLS-DA model comparing the

two knockout stains resolved three components with R2X,

R2Y, and Q2 values of 0.568, 0.98 and 0.913, respectively.

CV-ANOVA tests were also performed on each model.

These resulted in the values p = 1.69 9 10-6 for the

complemented strain model and p = 5.67 9 10-8 for the

knockout strain model. Validation plots were also gener-

ated for each strain within each model from 999 random

permutations of the data using all components (Fig. 4).

Two criteria indicate model validity. First, none of the

permutations out-performed the original data set. The

points representing the original data (the blue and green

dots at the far right of the graph) are higher than the per-

mutated data (all dots to the left of the original). Second,

the Y-intercepts for the R2 regression line (green) and the

Q2 regression line (blue) should be less than 0.4 and 0.05,

respectively. Our data fit these criteria with the exception

that the R2Y-intercepts for the model comparing the

knockout strains are higher than 0.4. However, when the

Fig. 2 Box plot of RSD values for metabolomic datasets described in

this study. Values for lower quartile, median and upper quartile are

shown. Error bars show the range of data. *p \ 0.001

Fig. 3 Two component PLS-DA models of 1H NMR derived

exometabolome profiles of S. cerevisiae strains. PLS-DA score

scatter plots and validations were performed using SIMCA

P ? v12.0.1 software. A, PLS-DA score plot for the complemented

yeast strains. Black dots, SDH3; white dots, SDH4. The model is

characterized by the following parameters using 2 components:

R2Xcum, 0.688, R2Ycum, 0.872, Q2
cum, 0.8. N = 12 for both strains,

CV-ANOVA p = 1.69 9 10-6. B, PLS-DA score plot for the yeast

deletion strains. Black dots SDH3 KO; white dots SDH4 KO. The

model is characterized by the following parameters using 3 compo-

nents: R2Xcum, 0.568, R2Ycum, 0.98, Q2
cum, 0.913. N = 12 for both

strains, CV-ANOVA p = 5.67 9 10-8. Each dot represents one yeast

culture

J Biomol NMR (2011) 49:245–254 249

123



high R2 and Q2 values for both models, the visual sepa-

ration seen between strains in each model, the low

CV-ANOVA p values and the results of the validation

permutations are considered, we suggest that the models

are valid. To ensure that supervised evaluation did not

falsely differentiate between the various yeast strains,

principal component analysis (PCA) was also performed

(Fig. 5). PCA is unsupervised and treats each observation

equally. Again, each colour-coded dot represents a repli-

cate metabotype. In both models, visual separation between

the strains in the score plots is evident. The PCA model

comparing the two complemented strains resolved two

components with R2X and Q2 values of 0.694 and 0.516,

respectively. The model comparing the two knockout

strains resolved three components with R2X and Q2 values

of 0.608 and 0.314, respectively.

Discussion

The metabolome is an extremely sensitive monitor of

physiological state. As such, metabolomic studies of

human biofluids can show immense variability in the

concentration of an individual metabolite. Concentrations

of metabolites in human urine can vary by more than 200%

of the mean (Saude et al. 2007). Model systems are highly

conducive to metabolomic studies because genetic back-

ground and growth conditions can be controlled. The

metabotypes of model systems under such conditions

should be less variable than those of their human coun-

terparts. We show that in genetically identical animals

grown under carefully controlled conditions, individual

metabolite concentrations in C. elegans can vary by as

much as 64% (Figs. 1, 2; Table 1). The less complex

unicellular model system S. cerevisiae exhibited decreased

biological variation in its exometabolomes, with a maxi-

mum RSD of 36%. However, the range of variation

between the complemented strains differed. Whereas the

complemented SDH3 strain had a RSD range of 15%, the

complemented SDH4 strain had a RSD range of 31%. The

yeast knockout strains were more similar in their RSD

ranges: 17% for SDH3 KO and 20% for SDH4 KO,

respectively. The observation that substantial biological

variations exists in organisms such as yeast may not be a

surprising result considering clonal populations of E. coli

have also been shown to exhibit substantial phenotypic

variation (Elowitz et al. 2002).

The greater variance in C. elegans than in S. cerevisiae

may be attributed to four factors. First, C. elegans are

social feeders. Despite adequate food and space for the

whole population, local subpopulations may experience

food limitation (de Bono and Bargmann 1998). Second,

Fig. 4 Validation plots for the

complemented and knockout

strain models. a Validation

model using 999 permutations

across 2 components.

b Validation model using 999

permutations across 3

components. The regression line

represents the correlation

coefficient between the original

and permuted Y-variables

against cumulative R2 and Q2.

Green, R2; blue, Q2
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C. elegans develop through four larval stages before

entering adulthood. Metabolic differences among the dif-

ferent stages have been documented (O’Riordan and Bur-

nell 1989, 1990; Bart et al. 2009). The distribution of larval

stages will vary somewhat between cultures. Third, the

worms were cultured on NGM plates seeded and grown

overnight with E. coli. Chemical composition will vary

between plates and E. coli lawns. Additionally, several

plates of worms are needed to obtain a sufficient number of

worms on which to perform metabolic studies. For logis-

tical reasons, we did not evaluate the metabolic composi-

tion of either NGM media or of the E. coli. Fourth,

intracellular metabolites were measured in worms and

suboptimal worm lysis could also contribute to variation

between cultures. However, we have optimized the soni-

cation protocol to minimize incomplete lysis. The meta-

bolic complexity of C. elegans and the inherently more

variable culture conditions it demands likely account for

most of the sample variation we detected. Yeast also

exhibits an appreciable amount of biological variation

despite being grown under well-defined and controlled

conditions. As all experiments were carried out with great

care and consistency, we proffer that the variation in yeast

samples may be primarily due to stochastic gene expres-

sion (Raser and O’Shea 2005).

Technical or analytical variation is an important con-

sideration in metabolomics studies and can be a significant

contributing factor to the observed metabolic variation.

Sources of this variation include instrumentation, sample

preparation and NMR data analysis. In our studies, we

examined the contributions of technical variation to the

observed variation using two approaches. First, we manu-

ally fitted and quantified the DSS concentration reference

peak in all of the yeast exometabolite samples. DSS is

added at a constant concentration to all samples and vari-

ations in the quantified values are a reflection of the pre-

cision of the NMR spectrometer. Since these spectra were

collected at various times over a number of days, variations

in DSS peak values may reflect subtle changes in the

instrument that occur during operation. The average RSD

value for the DSS peaks from the spectral dataset was 2.1%

(data not shown). The second approach involved quanti-

fying the metabolite profile from a yeast exometabolite

sample prepared in triplicate, with the 1H NMR spectra

from these samples being collected over the course of three

consecutive days. The average RSD value for the metab-

olites quantified from these profiles was 3.8% with a range

of 0.8–9.1% (data not shown) and these values are signif-

icantly lower than that observed for any of the yeast

exometabolite datasets. Our findings are consistent with

those in several past studies that indicate that technical

variability is not a significant contributing factor to the

variation observed in the model systems examined (Parsons

et al. 2009; Fiehn et al. 2000; Crews et al. 2009). Our

results reaffirmed the conclusion by Parsons et al. that

quantitation using 1D NMR offers excellent analytical

precision. In their comparative study of a number of ana-

lytical approaches, 1D NMR generated data with the lowest

RSD values (median RSD of 3.1%) out of all the analytical

approaches examined (Parsons et al. 2009).

Our previous work showed that the two E. coli strains

used as C. elegans food sources produce distinct and sig-

nificant metabolic profile differences (Reinke et al. 2010).

Our present findings show that biological variation can also

be significantly affected by diet. This observation high-

lights the metabolome’s sensitivity to external factors.

Despite both diets being E. coli, a number of factors may

contribute to the metabolic variation. First, E. coli strains

may vary in nutritional composition, and specific amino

acids can act as signaling molecules in C. elegans (Kang

and Avery 2009). Second, worm nutrition may be influ-

enced by the ease of ingestion and digestion of the E. coli

Fig. 5 Two component PCA models of 1H NMR derived exometab-

olome profiles of S. cerevisiae strains. PCA score scatter plots were

performed using SIMCA P ? v12.0.1 software. A, PCA score plot for

the complemented yeast strains. Black dots, SDH3; white dots, SDH4.

The model is characterized by the following parameters using 2

components: R2Xcum, 0.694, Q2
cum, 0.516. N = 12 for both strains. B,

PCA score plot for the yeast deletion strains. Black dots, SDH3 KO;

white dots, SDH4 KO. The model is characterized by the following

parameters using 3 components: R2Xcum, 0.608, Q2
cum, 0.314. N = 12

for both strains. Each dot represents one yeast culture
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strains. Third, the two E. coli strains are genetically dif-

ferent and likely respond differentially to growth media.

Bacterial responses to stress may impact the host metabo-

lome. Fourth, E. coli strains exhibit profound metabolic

variability (Maharjan and Ferenci 2005). Fifth, E. coli can

not only be a source of nutrition for C. elegans, but also a

pathogen (Darby 2005). Bacteria have been shown to col-

onize the gut of C. elegans, especially in aging worms.

Colonization could cause long term damage to the gut

lining, thus impeding nutritional absorption. Finally, NGM

plates containing E. coli HT115 have IPTG and carbeni-

cillin added to induce RNAi and maintain plasmid

selection, respectively. As the metabolome is extremely

sensitive to environmental factors, these additives may

have played a role in metabolic variability.

We also examined whether this biological variation

occurs between yeast strains with very similar genetic

backgrounds. In previous studies, the complemented SDH

strains were considered phenotypically wild-type and

identical. However, multivariate analysis using PLS-DA

discriminated between these two strains (Fig. 3a). A sim-

ilar situation is also observed for the comparison between

the two knockout strains (Fig. 3b). To rule out the possi-

bility of spurious model generation, PCA and model vali-

dations were performed (Figs. 4, 5). The results suggest the

models are valid. It has been demonstrated previously that

metabolic profiling can discriminate between yeast mutants

that are otherwise phenotypically indistinguishable (Allen

et al. 2003; Szeto et al. 2010). The results presented in this

study further substantiate this notion. There may be several

reasons why these pairs of yeast strains are metabolically

different. In the case of the complemented SDH strains,

there may be subtle differences in the expression of the

respective SDH subunits. Upstream or downstream regu-

latory elements may not have been cloned into the

respective plasmids, affecting the plasmid-borne expres-

sion of the subunits. Another factor could be plasmid copy

number. The yeast strains were each transformed with

centromeric plasmids that are maintained at 1–2 copies per

cell; however, precise copy number is subject to stochastic

variation as cells divide. Increased heterogeneity of gene

expression was observed in E. coli cells carrying a plasmid-

borne copy of the lacI gene compared to expression from

the chromosomal copy (Elowitz et al. 2002). Subtle chan-

ges in the activity of an enzyme can be amplified into

larger changes in the metabotype, as we have shown pre-

viously (Szeto et al. 2010). The observation that the

metabotypes of the knockout strains could also be dis-

criminated is a surprising result considering that both

knockouts result in the complete absence of SDH (Szeto

et al. 2007; Oyedotun and Lemire 1997, 1999). The dif-

ferent metabotypes of the two knockouts suggest that the

Sdh3p and Sdh4p subunits may have additional roles

beyond their presence in SDH. It was recently demon-

strated that the deletion of SDH3 results in transcriptional

changes associated with fatty acid and sterol metabolism

despite being in glucose-repressed conditions. This evi-

dence suggests that nuclear gene signaling is responsive to

TCA cycle dysfunction even in situations when this path-

way is underutilized (Cimini et al. 2009).

In this study, we examined whether the biological varia-

tion observed in the metabolomic studies of other organisms

is also observed in simpler model systems, such as yeast and

nematodes. Both model systems reveal appreciable amounts

of biological variation, with C. elegans showing greater

metabolic variance. The variation in C. elegans was also

modulated by the food source. We also examined the bio-

logical variation between phenotypically identical yeast

strains and were able to discriminate between them by their

metabotypes using multivariate analysis. Our results high-

light the sensitivity of the metabolome, even in simpler

model systems grown under controlled conditions, and the

usefulness of metabolic profiling to determine these subtle

differences. They also emphasize the importance of appro-

priate statistical analysis for interpreting data.
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