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ABSTRACT: Understanding altered metabolism is an
important issue because altered metabolism is often revealed
as a cause or an effect in pathogenesis. It has also been shown
to be an important factor in the manipulation of an
organism’s metabolism in metabolic engineering. Unfortunately, it is not yet possible to measure the concentration
levels of all metabolites in the genome-wide scale of a
metabolic network; consequently, a method that infers
the alteration of metabolism is beneficial. The present study
proposes a computational method that identifies genomewide altered metabolism by analyzing functional units of
KEGG pathways. As control of a metabolic pathway is
accomplished by altering the activity of at least one ratedetermining step enzyme, not all gene expressions of
enzymes in the pathway demonstrate significant changes
even if the pathway is altered. Therefore, we measure the
alteration levels of a metabolic pathway by selectively observing expression levels of significantly changed genes in a
pathway. The proposed method was applied to two strains of
Saccharomyces cerevisiae gene expression profiles measured
in very high-gravity (VHG) fermentation. The method
identified altered metabolic pathways whose properties
are related to ethanol and osmotic stress responses which
had been known to be observed in VHG fermentation
because of the high sugar concentration in growth media
and high ethanol concentration in fermentation products.
With the identified altered pathways, the proposed method
achieved best accuracy and sensitivity rates for the Red Star
(RS) strain compared to other three related studies (gene-set
enrichment analysis (GSEA), significance analysis of microarray to gene set (SAM-GS), reporter metabolite), and for
the CEN.PK 113-7D (CEN) strain, the proposed method
and the GSEA method showed comparably similar
performances.
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Introduction
Understanding altered metabolism is an important issue
because altered metabolism is often revealed as a cause or an
effect in pathogenesis (Dakubo et al., 2006; Eapen, 2007;
Lohmander, 2004; Picton, 1998), and it is also a crucial
factor when manipulating an organism’s metabolism in
metabolic engineering (Chavez-Bejar et al., 2008; Covert
et al., 2004; Keasling and Chou, 2008; Kim et al., 2008). With
the development of high-throughput technologies, deeper
understanding of biological processes has arisen through the
integration of data from genomics, proteomics, and
metabolomics.
Previous studies have integrated transcriptional regulation and metabolism in an effort to understand the
mechanisms of metabolic alteration. These studies can be
grouped into three classes. The first approach identifies new
relationships between metabolites and genes. For example,
new associations between metabolites and transcription
factors were identified by observing gene and protein
expression profiles under different carbon sources (Ideker
et al., 2001), and links between metabolites and transcription factors were inferred by using a joint model of genetic
regulation and metabolic reactions (Yeang and Vingron,
2006). The second approach involves the development of
new methodologies to analyze metabolic reactions. The
effects of enzyme genetic regulation were combined with
metabolic flux modeling to validate flux modes with
biomass growth of cells (Covert et al., 2004; Covert and
Palsson, 2002, 2003). The third approach identifies new
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features of metabolic pathways by analyzing expression
patterns of genes that encode enzymes. The transcriptional
regulation of metabolic pathways were characterized by
examining expression patterns of enzymes along the
topology of metabolic pathways (Ihmels et al., 2002,
2004). The reporter reactions which are the reactions
showing significant regulation changes are identified by
integrating transcriptome, metabolome, and the topology of
metabolic pathways (Cakir et al., 2006). The reporter
metabolites whose neighboring enzymes show the most
significant transcriptional changes in perturbations are
identified (Patil and Nielsen, 2005).
The key contribution of Patil et al.’s work is that they
computationally identified genome-scale altered metabolism by observing transcriptional changes of neighboring
enzymes in a metabolic network, whereas other studies had
identified altered metabolism with individual components
of genes or proteins or flux control (Blankenhorn et al.,
1999; Hayes et al., 2006; Perrenoud and Sauer, 2005; Stancik
et al., 2002; Yohannes et al., 2004). However, changed
transcription levels in neighboring enzymes do not
guarantee changed concentration levels in metabolites.
Several studies reported that even when the cells grow in a
constant environment for prolonged periods of time,
transcriptional levels, protein concentrations, and fluxes
of a reaction correlated poorly (Daran-Lapujade et al., 2007;
Greenbaum et al., 2003; Griffin et al., 2002; ter Kuile and
Westerhoff, 2001; Yang et al., 2002). Hence, it is difficult to
conclude that the concentrations of reporter metabolites
change under perturbation conditions.
Lately, gene-set analysis methods for evaluating the
expression of biological pathways are introduced and applied
to metabolic pathways (Dinu et al., 2007; Subramanian et al.,
2005). Gene-set enrichment analysis (GSEA) is one of the most
well-established gene-set approaches that determines whether
an a priori defined set of genes concordantly shows statistically
significant differences between two phenotypes (Subramanian
et al., 2005), significance analysis of microarray to gene set
(SAM-GS) combines the regression-based test statistic for each
individual gene in a pathway of interest into a pathway-level
test statistic (Dinu et al., 2007). However, these methods do not
provide metabolic pathways specific statistic because they are
developed for analyzing universal biological pathways including protein interactions, signal transductions.
In this study, we propose a computational method that
identifies genome-wide altered metabolism by analyzing
predefined functional units of metabolic pathways in KEGG
maps as opposed to analyzing the activities of each reaction
(see Fig. 1). Until now, no high-throughput technology is
available for the measurement of genome-wide metabolic
activity. Therefore, we regard changes of metabolic genes’
expression levels as significance indication for the possibility
to the changes of associated reactions carrying metabolic
flux. We then accumulate these indications to predict the
altered activity of a metabolic pathway, and determine
whether the activity of a pathway is altered or not based on
the statistical tests. In the case of metabolic pathways,
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control of a metabolic pathway is accomplished by altering
the activity of at least one rate-determining step enzyme, not
all gene expressions of metabolic genes in the pathway
demonstrate significant changes even if the pathway is
altered (Hall et al., 2007; Nakamura et al., 2005). Therefore,
we measure the alteration levels of a metabolic pathway by
selectively observing significantly changed expression levels
of genes in a pathway. The proposed method was applied to
gene expression profiles of Saccharomyces cerevisiae cultivated in a very high-gravity (VHG) perturbation containing
maltodextrin. The results of the proposed work were
validated with concentrations of intracellular metabolites
as measured by gas chromatography–mass spectrometry
(GC–MS) profiling cultivated in conditions that were identical to those of a gene expression experiment (Devantier
et al., 2005b). The method was found to achieve higher or
comparable accuracy compared to other previous studies.

Materials and Methods
Figure 1 provides an overview of the proposed method.
First, the significance of a change in the level of genes is
extracted by applying t-tests to microarray data. This maps
the scores of the altered gene levels to the enzymes and the
transcription factors in a metabolic pathway. Second, an
integrated metabolic network is generated by combining
transcription factor information with metabolic pathways.
Third, through the use of the significance levels of the
changed expression of genes and the integrated metabolic
pathways, the alteration scores of pathways are measured.
The result of identified altered metabolism is validated with
the concentration changes of intracellular metabolites.
Data Sets
In this work, three different sources of data were used to identify
altered metabolism (see Fig. 1). First, gene expression profiles of
two strains of S. cerevisiae, an industrial strain (Red Star (RS))
and a laboratory strain (CEN.PK 113-7D) were used. For both
strains, the data were obtained from anaerobic batch cultures
under two different cultivation conditions: growth in glucosecontaining standard media and in maltodextrin-containing
VHG mineral media (Devantier et al., 2005a). The second source
was the transcriptional regulation information of S. cerevisiae.
We first obtained 78 protein–DNA binding information with
P-value less than 0.001 from (Lee et al., 2002), and assigned a
regulation type (e.g., activator and inhibitor) to each binding
information by referring Gene Ontology annotations at
Saccharomyces Genome Database (Hong et al., 2008). The
third was predefined functional units of 85 metabolic pathways
from KEGG Pathway DB (Kanehisa et al., 2006, 2008; Kanehisa
and Goto, 2000).
t-Test and z-Score
To calculate the alteration levels of a metabolic pathway, we
first measure the significance of differential expression of

Figure 1.

Method overview. a: Statistical test. Using microarray gene expression profiles, the standardized z-scores of genes, which represent significant changes in the levels
of expression, are obtained by t-tests. b: Integrated metabolic pathways. For an integrated pathway, information from two biological processes was merged: (i) a metabolic reaction
(metabolite, reaction, and enzyme) and (ii) a transcription (transcription factors and enzymes). c: Alteration scoring. The alteration score of a pathway is an aggregated form of the
expression scores of genes in a pathway that maximize the aggregated score. d: Alteration scores of pathways and their significance. Once the alteration score of each pathway is
calculated, significantly altered pathways are determined (FDR  5%). [Color figure can be seen in the online version of this article, available at www.interscience.wiley.com.]

each gene under VHG stress. Here, we used the equal
variance t-test to evaluate the significance of the change of a
gene. The obtained P-value ( pi) of each gene (genei) was
converted to a z-score (zi) by using the inverse normal
cumulative distribution function (u1). A z-score follows a
standard normal distribution, and a higher z-score indicates
more significantly induced or reduced gene expression in a
specific type of perturbation.
zi ¼ u1 ð1  pi Þ

Scoring Altered Metabolism
z-Scores (zi) of enzymes and their transcription factors
under VHG stress were observed to determine the alteration
score of a pathway. Because there is typically at least one
rate-determining step (or pacemarker) that determines the
overall activity of a metabolic pathway, not all enzymes of a
pathway consistently show significant transcriptional
changes even if the pathway is altered (Hall et al., 2007;
Nakamura et al., 2005). Therefore, expression levels of
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significantly changed enzymes and their transcription
factors in a pathway were selectively observed to measure
the alteration levels of a metabolic pathway. First, a set of zscores (Z( pj)) for enzymes and transcriptional factors (TFs)
in pathway j was assembled. In order to reflect the opposite
effects of inhibitor transcription factors, the z-scores of the
inhibitors were multiplied by 1. Then, a set of the z-scores
in pathway j was sorted in descendent order (Z0 ( pj)). By
expanding from the maximum z-score, top t z-scores which
maximize the alteration score were selected. An alteration
score of a pathway (A( pj)) is an aggregated form of
the expression scores of genes (zji ) in a pathway j that
maximize the aggregated score. In order to eliminate the size
effectiveness of a pathway, normalization of each A( pj) score
to Acorrected( pj) score was accomplished by correcting for
background distributions based on the mean (mk) and
standard deviation (sk) as derived from A( pj) scores of
10,000 random sets of k genes. The basic implication of the
scoring function for identifying altered metabolism is a
statistical test for the null hypothesis, ‘‘observed gene
expression of enzymes and transcription factors of a
Table I.

Strain
RS

CEN

Once we obtain corrected altered scores from methods
described above, P-values were calculated using the inverse
normal cumulative distribution function (u1) and then
we adjusted P-values to control for false discovery rate
(FDR). A q-value of 0.05 for a pathway indicates that among
all significant pathways selected at this threshold, 5 out
100 of them are expected to be false leads.

Results
Identified Altered Metabolic Pathways in
VHG Fermentation
VHG fermentation technology is being used for industrial
scale production of ethanol as a biofuel. The benefits of

Identified altered pathways (FDR  5%).

Alteration KEGG
type
id

Size 1 Size 2
(k)
(t)

a

Activated 00190
Activated 00020a
Repressed 00230
Repressed 00400

64
31
89
20

36
15
62
18

Repressed 00240
Repressed 00300
Repressed 00780a
Repressed 00290
Repressed 00220a

70
15
7
18
19

45
13
5
14
13

Repressed
Repressed
Repressed
Repressed
Repressed
Repressed
Activated
Activated
Repressed
Repressed
Repressed
Repressed
Repressed
Repressed
Repressed
Repressed
Repressed

00260
00670
00750
00310a
00510a
00340
00500b
00052b
00230
00240
00770b
00100b
00300
00340
00290
00350b
00400

43
14
7
26
31
18
61
29
89
70
10
21
15
18
20
18
19

27
12
5
14
24
14
34
19
74
55
8
19
12
15
16
13
15

Repressed 00252b
Repressed 00750
Repressed 00670
Repressed 00260

7
31
14
43

6
22
11
26

Pathway name
Oxidative phosphorylation
TCA cycle
Purine metabolism
Phenylalanine, tyrosine and
tryptophan biosynthesis
Pyrimidine metabolism
Lysine biosynthesis
Biotin metabolism
Valine, leucine, and isoleucine biosynthesis
Urea cycle and metabolism of amino
groups
Glycine, serine, and threonine metabolism
One carbon pool by folate
Vitamin B6 metabolism
Lysine degradation
N-Glycan biosynthesis
Histidine metabolism
Starch and sucrose metabolism
Galactose metabolism
Purine metabolism
Pyrimidine metabolism
Pantothenate and CoA biosynthesis
Biosynthesis of steroids
Lysine biosynthesis
Histidine metabolism
Valine, leucine, and isoleucine biosynthesis
Tyrosine metabolism
Phenylalanine, tyrosine, and
tryptophan biosyn
Alanine and aspartate metabolism
Vitamin B6 metabolism
One carbon pool by folate
Glycine, serine, and threonine metabolism

Size 1 indicates the number of genes in the pathway.
Size 2 indicates the number of genes that are selected for score calculation.
a
Altered pathways which are exclusively identified in RS.
b
Altered pathways which are exclusively identified in CEN.
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metabolic pathway is purely random.’’
(
)
t
1 X
0
Zj j1  t  k
Aðpj Þ ¼ max pﬃﬃ
t i¼1 i
Aðpj Þ  mk
Acorrected ðpj Þ ¼
sk
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Property

Score

P-value

FDR

3.684
3.546
5.192
3.546

1.14E04
1.95E04
1.04E07
1.95E04

0.00
0.00
0.00
0.00

Nucleotide metabolism
3.426
Amino acid metabolism
3.328
Metabolism of cofactors and vitamins 3.260
Amino acid metabolism
3.197
Amino acid metabolism
3.007

3.06E04
4.37E04
5.57E04
6.94E04
0.001318

0.00
0.00
0.00
0.00
0.01

Amino acid metabolism
Metabolism of cofactors and vitamins
Metabolism of cofactors and vitamins
Amino acid metabolism
Glycan biosynthesis and metabolism
Amino acid metabolism
Carbohydrate metabolism
Carbohydrate metabolism
Nucleotide metabolism
Nucleotide metabolism
Metabolism of cofactors and vitamins
Lipid metabolism
Amino acid metabolism
Amino acid metabolism
Amino acid metabolism
Amino acid metabolism
Amino acid metabolism

0.001465
0.001512
0.002045
0.003527
0.004135
0.007889
5.77E06
7.36E04
2.70E10
3.65E06
2.46E05
7.09E05
1.01E04
9.8E04
0.001985
0.002885
0.001982

0.01
0.01
0.01
0.01
0.02
0.05
0.00
0.03
0.00
0.00
0.00
0.00
0.00
0.01
0.02
0.02
0.02

0.005114
0.004897
0.006325
0.008715

0.03
0.03
0.04
0.05

Energy metabolism
Energy metabolism
Nucleotide metabolism
Amino acid metabolism

Amino acid
Metabolism
Metabolism
Amino acid

2.975
2.965
2.871
2.694
2.641
2.414
4.386
3.180
6.207
4.485
4.059
3.805
3.715
3.096
2.881
2.761
2.881

metabolism
2.568
of cofactors and vitamins 2.583
of cofactors and vitamins 2.4931
metabolism
2.378

VHG fermentation include decreased water requirements
and energy costs, increased productivity of ethanol.
However, it was reported that ethanol and osmotic stresses
decrease the fermentation efficiency (Devantier et al.,
2005a,b; Wang et al., 2007). These ethanol and osmotic
stresses are observed in VHG fermentation because of
the high sugar concentration in growth media and
high ethanol concentration in fermentation products.
Hence there have been many efforts for understanding
responses of ethanol and osmotic stresses to achieve
more efficient fermentation. The responses caused by
ethanol and osmotic stresses include decreased
growth rate, lower viability, higher energy consumption,
inhibition of general amino acid transport systems, and
inhibition of the glucose transport system (Alexandre and
Charpentier, 1998; Hu et al., 2007; Pham et al., 2006; Rautio
et al., 2007).
In this study, we identified altered metabolic pathways for
two strains of S. cerevisiae in VHG fermentation. Identified
altered pathways of the RS industrial strain and CEN.PK
113-7D (CEN) laboratory strain are listed in Table I
(FDR  5%). The genes and their corresponding reactions
which maximized the alteration score in each pathway are
fully listed in Supplementary Appendix 1. The proposed
method identified altered metabolic pathways whose
properties are related to ethanol and osmotic stress
responses of carbohydrate metabolism, nucleotide metabolism, amino acid metabolism, and energy metabolism
(see Table I). In the case of the RS strain, oxidative
phosphorylation and TCA cycle which have the energy
metabolism property were activated. Purine metabolism,
pyrimidine metabolism, pantothenate and CoA biosynthesis, and other amino acid metabolism related pathways
were repressed. In CEN strain, starch and sucrose

metabolism as well as galactose metabolism were activated
in VHG fermentation. Analogous to the results of RS strain,
we identified amino acid metabolism related pathways
which were repressed.
Because the RS strain was found to be more stress-tolerant
and to be more efficient for fermentation (Devantier et al.,
2005a), we focused on the differences between the identified
pathways of the CEN and the RS strain. Exclusively
identified altered pathways for each strain are marked in
Table I. It should be noticeably that pathways related to
energy metabolism (oxidative phosphorylation, TCA cycle)
showed active-alteration in the RS strain and pathways
related to carbohydrate metabolism (starch and sucrose
metabolism, galactose metabolism) are activated in the CEN
strain. These altered activities of metabolic pathways may
guide the causes and effects for different fermentation
efficiencies between the two trains.

Results Validation
To validate the performance of the proposed method, we
compared the accuracies of our method, GSEA, SAM-GS,
and reporter metabolite approach (Patil and Nielsen, 2005).
First, we identified altered pathways in VHG fermentation
by each method. Figure 2 shows detection of altered
metabolic pathways by our proposed method, by the GSEA,
and by the SAM-GS method using same gene expression
data (FDR  5%). For the GSEA and the SAM-GS, no
transcription factor information was used when constructing gene sets. Interestingly, no altered metabolic pathway
was detected by the SAM-GS method while the proposed method and the GSEA method identified more
than 10 altered metabolic pathways (Fig. 2a). As the

Figure 2. Results of the analysis by three methods (FDR  5%). a: The number of significantly altered metabolic pathways identified by the proposed method, the GSEA
method, and the SAM-GS method (FDR  5%). b: Venn diagram of overlap between identified altered pathways. The figure shows the overlap between the altered pathways for both
strains (RS, CEN) which are identified by our proposed method (blue) and the GSEA method (green). [Color figure can be seen in the online version of this article, available at
www.interscience.wiley.com.]
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Figure 2b shows, some of the altered pathways were
commonly identified by the proposed method and the GSEA
method, while, some altered metabolic pathways were
identified uniquely. Full lists of identified altered pathways
by the GSEA analysis are summarized in Supplementary
Appendix 2.
We assume that the concentration of a metabolite would
change (e.g., accumulate or be consumed) if the metabolite
is a substrate or a product in an altered metabolic pathway.
Thus, to validate the proposed method, changed concentrations of metabolites as measured by GC–MS analysis were
compared to changes in metabolites as inferred by the
proposed method. The concentration data of S. cerevisiae
used here was cultivated in conditions that were identical to
those of a gene expression experiment (Devantier et al.,
2005b). (See Supplementary Appendix 3 for the detailed
information for the concentration data.) Table II summarize
the results and accuracy comparisons of changes (in the case
Table II.

of more than 1.2-fold changes for RS strain) of metabolites
measured by GC–MS, inferred by the proposed method with
or without TF information (FDR  5%), by the GSEA
(FDR  5%), by the SAM-GS (FDR  5%), and by the
reporter metabolites approach (FDR  5%). Taking into
account various fold changes of the concentration of
metabolites from 1.2- to 2.2-fold, the accuracy of altered
metabolites from the proposed method were compared to
results from the GSEA, the SAM-GS, and the reporter
metabolites approach (See Supplementary Appendix 4 for
the detailed information for the changed metabolites and
their corresponding pathways). Note that a metabolite can
belong to more than one metabolic pathway, so we
determined concentration of a metabolite is changed if
the metabolite is a substrate of at least one of the altered
pathways.
Figure 3 depicts results of accuracy comparisons of
the proposed method and other related studies from 1.2- to

Altered metabolites (RS strain, concentration change > 1.2-fold).

Namea

Concentration change (RS)b Proposed method (with TF)c Proposed method (without TF)d GSEAe SAM-GSf Reporter metaboliteg

Pyruvate
L-Glutamate
Oxaloacetate
Glycine
L-Alanine
Succinate
L-Lysine
L-Aspartate
L-Glutamine
L-Serine
L-Phenylalanine
L-Tyrosine
Fumarate
L-Leucine
L-Histidine
L-Proline
L-Asparagine
Citrate
L-Valine
L-Threonine
Lactate
L-Isoleucine
Citramalate
TP
FP
TN
FN
Accuracyh
Sensitivityi
Specificityj

0
1
1
1
0
0
1
1
1
1
1
1
1
1
1
1
0
1
1
1
0
1
1
—
—
—
—
—
—
—

1
1
1
1
0
1
1
1
1
1
1
1
1
1
1
0
0
1
1
1
0
1
0
16
2
3
2
82.6
88.9
60.0

1
1
1
1
0
1
1
1
1
1
1
1
1
1
0
0
0
1
1
1
0
1
0
15
2
3
3
78.3
83.33
60.0

1
1
0
1
0
0
1
1
1
0
1
1
1
1
0
0
0
0
1
1
0
1
0
12
1
4
6
69.6
66.7
80.0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
5
18
21.7
0.0
100.0

See Supplementary Appendix 4 for the detailed information for the changed metabolites and their corresponding pathways.
b
TP, true positive; FP, false positive (Type 1 error); TN, true negative; FN, false negative (Type 2 error).
a
Names of metabolites.
b
Concentration change measured by experiment. 1, more than 1.2-fold change; 0, no change.
c
Concentration change inferred by proposed work with transcription factors. 1, changed (FDR  5%); 0, no change.
d
Concentration change inferred by proposed work without transcription factors. 1, changed (FDR  5%); 0, no change.
e
Concentration change inferred by GSEA. 1, changed (FDR  5%); 0, no change.
f
Concentration change inferred by SAM-GS. 1, changed (FDR  5%); 0, no change.
g
Concentration change inferred by reporter metabolite. 1, changed (FDR  5%); 0, no change.
h
Accuracy: (TP þ TN)/(TP þ FP þ TN þ FN).
i
Sensitivity: TP/(TP þ FN).
j
Specificity: TN/(FP þ TN).
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0
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
0
5
17
26.1
5.6
100.0

Figure 3. The results of accuracy tests (RS, CEN strain). The X-axis of the graphs illustrates the threshold of fold changes from 1.2 to 2.2. The Y-axis illustrates the percentage
of accuracy, sensitivity, and specificity. [Color figure can be seen in the online version of this article, available at www.interscience.wiley.com.]

2.2-fold changes for both two strains. As the graphs show,
the proposed method achieved best accuracy and best
sensitivity rates for the RS strain and we can see that the
TF information tends to increase sensitivity rates. Due to
small size of transcriptional regulation information, the
results of accuracies with TF and without TF were not
significantly different in the case of CEN strain. However, if
the size of available transcriptional regulation information
grows, we expect that the proposed scoring method could
identify altered metabolic pathways more accurately. For the
CEN strain, the proposed method and the GSEA method
showed comparably similar performances. In the aspects of
sensitivity and specificity tests for the two aforementioned
strains, however, the proposed method showed less accurate
specificity rates compare to the SAM-GS and the reporter
metabolite method, but the proposed method clearly
showed more accurate sensitivity results within the overall
fold changes. This result shows that the proposed method
can identify changed concentrations of metabolites with
better or comparable accuracy compared to suggested
methods earlier.

Discussion
Notably, it is generally accepted that the control of metabolic
processes is hierarchical and originates at the level of

transcription, moving on to translation and enzyme activity
or usually a combination of them (Vemuri and Aristidou,
2005). Therefore, the proposed method as well as all other
related studies which observe gene expression changes
cannot detect alterations of post-transcriptional regulation
because the gene expression data does not reveal the
information of post-transcriptional effects. To account
for effects of post-transcriptional regulation, we regard
changed expression levels of metabolic genes not as the
final determinants of changed levels of enzyme activity,
but as significance indication for the possibility that
their associated reactions carry metabolic flux. We then
accumulate these indications to predict the altered activity
of a metabolic pathway, and determine whether the activity
of a pathway is altered or not based on the statistical tests.
Although, in this work, we validated the results only with
concentrations of intracellular metabolites due to the
limitation of data availability, the proposed method can
also be validated with changes of metabolic flux. To apply
our method, the data set should satisfy the conditions:
(1) the data set should have more than one gene expression
sample per a perturbation to perform statistical tests, (2) the
changes of metabolites or fluxes should had been observed
in large scale (should had been observed in several pathways)
to validate the changed activities of pathways. Therefore, if
the data set which satisfies the aforementioned conditions is
available, the proposed method can be applied and then
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validated with concentrations of metabolites or metabolic
flux rates.

Conclusion
This study proposes a computational method for identifying
functional units of altered metabolism in metabolic pathways. Altered metabolisms were identified through statistical tests using gene expression and KEGG metabolic
pathways. The proposed method was applied to S. cerevisiae
gene expression and metabolic profile data. The method
identified altered metabolic pathways whose properties
are related to ethanol and osmotic stress responses
like carbohydrate metabolism, nucleotide metabolism,
amino acid metabolism, and energy metabolism which
are observed in VHG fermentation because of the high sugar
concentration in growth media and high ethanol concentration in fermentation products. With the identified altered
pathways, the proposed method achieved best accuracy and
sensitivity rates for the RS strain compared to other three
previous studies (GSEA, SAM-GS, and reporter metabolite),
and for the CEN strain, the proposed method and GSEA
method showed comparably similar performances. In
conclusion, the proposed work represents a method to
identify altered metabolism through the use of gene
expression along with the metabolic pathway information.
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(no. M10309020000-03B5002-00000) and the National Research
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