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Abstract

velopmental stages and time points. For example, the
technique enables us to classify tumour samples [Van 'T
Veer, et al., 2002], to define small sets of potential
marker genes to distinguish leukemias [Stephanopoulos,
et al., 2002], and to discover regulatory mechanisms
[Gasch, et al., 2000, Spellman, et al., 1998]. In general,
such studies use supervised methods to support diagnosis
[Stephanopoulos et al, 2002, Van 'T Veer et al., , 2002]
and yield gene lists that are crucial for the classifications
[Thuerigen, et al., 2006]. However, lists of single genes
are rather tedious to analyse for yielding a general functional meaning. Therefore, methods were developed that
map these gene lists onto functionally relevant reaction
and signaling cascades [Manoli, et al., 2006]. Furthermore, regulatory networks could be defined with coexpressed genes. E.g., without prior information, the
structure and function of the network that regulates the
SOS pathway in E. coli could be elucidated with
transcription profiles [Gardner, et al., 2003]. Another way
to easier extract the functionality of expression patterns is
to first map the data onto networks that consist of nodes
bearing the expression data and vertices that link nodes
with common functionality and directed or undirected
interdependence. E.g. physically interacting proteins may
be related functionally by being succeeding nodes in a
signaling cascade. Such knowledge of protein-protein
interaction from high-throughput techniques [Uetz, et al.,
2000] was applied to analyse gene expression data and
revealed novel regulatory circuits [Ideker, et al., 2002].
On a statistical basis, this data is useful for inferring
changed signal transduction of e.g. diseased situations.
Besides this, over the last four decades, biochemical investigations have discovered an increasingly consistent
image of the cellular metabolism (see e.g. [Berg, et al.,
2002]). These biochemical reactions can be functionally
linked together by setting a reaction ri as the precursor of a
reaction rj if and only if one of the reaction-products of ri
is needed as a substrate for rj. This yields a biochemical or
metabolic network. Microarray expression data for each
gene can then be mapped on its corresponding enzyme
and the reaction the enzyme it is catalysing. Such interaction knowledge from the biochemical network has been
used to support the clustering procedure for gene expression profiles of yeast [Hanisch, et al., 2002, Zien, et al.,
2000]. Pattern analyses on such networks advantage from

Biological networks show a rather complex,
scale-free topology consisting of few highly
connected (hubs) and many low connected (peripheric and concatenating) nodes. Furthermore, they contain regions of rather high connectivity, as in e.g. metabolic pathways. To
analyse data for an entire network consisting of
several thousands of nodes and vertices is not
manageable. This inspired us to divide the network into functionally coherent sub-graphs and
analysing the data that correspond to each of
these sub-graphs individually. We separated
the network in a two-fold way: 1. clustering
approach: sub-graphs were defined by higher
connected regions using a clustering procedure
on the network; and 2. connected edge approach: paths of concatenated edges connecting
striking combinations of the data were selected
and taken as sub-graphs for further analysis. As
experimental data we used gene expression
data of the bacterium Escherichia coli which
was exposed to two distinctive environments:
oxygen rich and oxygen deprived. We mapped
the data onto the corresponding biochemical
network and extracted disciminating features
using Haar wavelet transforms for both strategies. In comparison to standard methods, our
approaches yielded a much more consistent
image of the changed regulation in the cells. In
general, our concept may be transferred to network analyses on any interaction data, when
data for two comparable states of the associated
nodes are made available.

1 Introduction
Modern high throughput methods in biotechnology allow
to profile cellular mechanisms not only for a single, focused, but for rather large numbers of aspects and compounds. This is especially given by the DNA microarray
technology. It allow us to explore the expression levels for
a major subset or all genes of an organism under a variety
of conditions such as alternative treatments, mutants, de-
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the fact that such interactions are well defined and established. This is especially true for less complex organisms
such as yeast or Escherichia coli [Karp, et al., 2002].
Simple clustering of gene expression data on these metabolic networks can yield sub-graphs that are either commonly stimulated or repressed as we showed previously
for tryptophan treated cells [König and Eils, 2004]. With
this method we were able to find the biosynthesis pathway
of tryptophan as an expression pattern in the network having a common response to the environmental changes.
Note that such a clustering method discovers patterns of
co-expressed genes. We now developed methods enabling
the discovery of more complex patterns. As a case study,
we investigated the response of the hetero-fermentative
bacterium E. coli in response to oxygen deprivation. The
regulatory machinery can react on this environmental
change in different ways. One basic response changes the
catabolism of glucose, switching off or down-regulating
the respiratory sub-graphs such as the glyoxylate cycle
and switching on the fermentation and production of acid
end products (see e.g. [Neidhardt, 1996]). This is supported by several signalling concepts, e.g. by inducing
inhibitors for glyoxylate cycle (TCA) genes, downregulating glyoxylate cycle genes or activating and upregulating genes for the fermentation processes.
Within the first approach (clustering approach), we performed a clustering of the network without gene expression data to define regions with high connectivity. Gene
expression data was mapped onto these regions. We
wanted to explore all possible relevant expression level
combinations in these regions. For this, we used the adjacency matrix representations for these regions, mapped
the data onto them and calculated simple Haar wavelet
transforms applying a standard procedure for twodimensional images (see e.g. [Theodoridis and
Koutroumbas, 1998]). The extracted features were ranked
due to their ability to distinguish between the two environmental conditions (oxygen rich versus oxygen deprived). In so doing, we were able to reveal interesting
switches that are posted at process bifurcations, in rather
good agreement to the expected anaerobic response.
However, with this approach we were only able to extract
interesting data patterns in highly connected sub-graphs.
Therefore, we applied a second method to reveal crucial
data patterns also of linearly ordered reactions. Features
were generated by applying the one dimensional Haarwavelet transform onto each pair of nodes. With this
method we were able to detect expected up-regulated
pathways of formate fermentation and C6 nutrients metabolism. Furthermore, our method revealed a downregulation of the iron processing parts of the metabolic
network as well as the up-regulation of the histidine
biosynthesis pathway which constitutes a response for
enriched acidic products during anaerobic growth.

that needed one of the metabolites as input (needed substrate) and produced the other as output (product). Note,
that in this representation, enzymes are edges and metabolites the nodes. This network was clustered to group enzymes into parts of the network with their major connections (the clustering algorithm is described in [König et
al., 2006]). The clustering algorithm produced a symmetrical sub-matrix of the cluster matrix for each cluster,
whose rows and columns were the metabolites. The matrix contained a "1" entry at position (i, j) if an enzyme
existed that combined metabolites of row i and column j.
Otherwise a "0" entry was set.
2.1 Mapping gene expression data onto the clustermatrices
For our case study, we collected raw intensity values of
gene expression data from the work of Covert et al.
[Covert, et al., 2004]. We normalised them with an established variance normalisation method [Huber, et al., 2002]
and selected the data for 43 hybridisations of the following samples: strain K-12 MG 1655, wild-type, ∆arcA,
∆appY, ∆fnr, ∆oxyR, ∆soxS single mutants and the
∆arcA∆fnr double mutant. The mutated genes are key
transcriptional regulators of the oxygen response [Covert
et al., 2004]. They effect a major portion of all genes in E.
coli and therefore supported a variance stimulation of the
respiratory and fermentative control of the investigated
strain. All gene expression experiments were done in triplicate under aerobic and anaerobic conditions, respectively, except for anaerobic wild-type which was repeated
four times. The gene expression data of each data-set was
mapped onto the corresponding reactions of the transcribed proteins. Mean values were taken if a reaction was
catalysed by a complex of proteins. The expression data
of all samples was mapped onto each cluster-matrix,
yielding 43 different patterns for each cluster.
2.2 Pattern discovery: defining the features with the
Haar wavelet transform
We wanted to calculate a value for every possible expression pattern of neighbouring genes and groups of genes
within a cluster that may show essential differences between samples of different conditions. Therefore, we performed a Haar-wavelet transform for each cluster-matrix.
The wavelet transformed expression values served as features for the classifier (classification method, see next
section). This allowed the identification of regions with a
varying pattern between aerobic and anaerobic conditions.
The wavelet-transformation is described in the following.
Each cluster-matrix was divided into 2x2 pixeled disjoint
sub-sections (e.g. a cluster matrix of size 8 x 8 was divided into 16 sub-sections). Clusters with non-fitting sizes
(e.g. 3x3, 5x5, ...) were extended with rows and columns
of zeros to yield matrices that could be divided into 2x2
pixeled sub-sections. For each sub-section, all combinations of row-wise and column-wise means and differences, respectively, were calculated. This yielded 4 combined values for each 2x2 pixeled sub-section: 1st: mean
of the mean of the upper and mean of the lower row, 2nd:
difference of the mean of the upper and the mean of the
lower row, 3rd: mean of the difference of the upper and
the difference of the lower row, and, 4th: difference of the
difference of the upper and the difference of the lower
row. All four combined values for each 2x2 pixeled sub-

2 Methods
The description of the clustering method will be briefly
described here. For a description in detail, see [König, et
al., 2006, Schramm, et al, in prep.]. Metabolic reactions
were extracted from the EcoCyc database (Version 9,
[Keseler, et al., 2005]). A graph was established by defining neighbours of metabolites. Two metabolites were
neighbours if and only if an enzymatic reaction existed
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neighbouring pairs of nodes yielding low pass and high
pass filtered features for each pair, respectively. All generated features were ranked via a multiple t-test between
aerobic and anaerobic conditions: to correct for potential
influences coming from individual mutants, t-tests were
performed for every constellation of samples excluding
the sample of one particular mutant, respectively. The
wild type sample was never excluded. From this outcome
the worst (highest) p-value for each feature was selected.
All p-values were corrected for multiple testing (Bonferroni [Bonferroni, 1935b]). Features were then ranked
according to their p-value. Sub-graphs were put up by
connecting found significant features (reaction-pairs) having a p-value 0.01. This resulted in 5 sub-graphs. To
facilitate the interpretation of the found sub-graphs, nodes
with equal expression behaviour (up-, down-regulation)
were grouped together, and functionally described (see
Results) if the group size was 5 focusing only on larger
patterns. In total 10 such clusters were found. Reactionpairs having one up- and one down-regulated node were
regarded as switches. They were extracted if their p-value
was 0.01 and are also functionally characterised (see
Results).

section were stored and applied as features for the classifier. This was done for all sub-sections of the matrix. All
1st combined values (mean of means) were taken for a
new matrix and were again grouped into 2x2 fractions that
were combined in the same manner, yielding again 4 new
features for every fraction. This procedure was repeated
until no further grouping was possible. Such a "Haar"
wavelet transform can be regarded as a low pass filter
when calculating the mean, and a high pass filter when
calculating the difference between neighbouring value
pairs. The transform applied a filter in horizontal and subsequently in vertical direction. The procedure consisted of
repeatedly applying high and low pass filters on the image. Therefore, either high frequency or low frequency
portions of the signal were calculated and stored, until the
maximal possible compositions were obtained. This procedure was carried out for all clusters of every sample and
the results of the transforms were stored as the corresponding features for every sample.
2.3 Extracting essential features and their sub-graphs
with the classifier
The SAM method [Tusher, et al., 2001] as a modified ttest was performed to rank the features according to their
p-values. Higher ranking features (low p-values) were
selected focusing the classifier on the most relevant patterns (9,996 out of 70,912). For classification, we applied
the Support Vector Machine implementation as provided
by the R MCRestimate package [Ruschhaupt, et al.,
2004]. To receive a suitable feature extraction result, a 10fold cross validation was performed and repeated 10 times
with different splittings of the data, respectively. A linear
kernel was applied for the feature extraction as described
elsewhere [Ruschhaupt et al., 2004]. Parameter optimisation was performed for the regularisation term that defined the costs for false classifications (9 steps, range: 2n,
n = -4, -2, ..., 8, 10). This optimisation was realised by an
internal three-fold cross validation during every iteration.
To determine the most relevant features, a recursive feature elimination [Ruschhaupt et al., 2004] was applied
during the parameter optimisation procedure. This yielded
a set of discriminating features for every run. These features were ranked due to their selection frequency of all
100 runs. Note, that high-ranking features yielded the corresponding sub-graphs (cluster of the cluster matrix) of
the reaction network that contained well discriminating
patterns of the expression data. We defined a cut-off criterion for selecting only substantial features by comparing
the selection frequency of each feature with random selections. We assumed a binomial distribution, neglecting the
cases that the same feature may have been chosen twice in
one run. The overall number of drawings was the sum of
all selections (8,191 selections). The probability to draw
the respective feature was the reciprocal value of the
number of all features (1/9,996). The number of drawings
for the respective feature was its selection frequency. As
we calculated this for every feature, the resulting p-values
where corrected for multiple testing by multiplying them
with the number of all features (Bonferroni correction
[Bonferroni, 1935a]).

3 Results
We will give a brief description of the functional meanings for the found sub-graphs focussing on integrative
aspects (for details see [König et al., 2006, Schramm et
al., in prep.]). From the clustering approach, we yielded
973 (not necessarily disjoint) clusters of sizes between 2
and 46 reactions and 160,264 features. After deleting features that consisted only of zeros, 70,912 features remained. A modified t-test was performed [Tusher et al.,
2001] to reduce the remaining features and focus the classifier on the most relevant patterns. As a threshold, a false
discovery rate of 2e-05 was chosen to further analyse the
9,996 most significant features. With these features, the
SVM was trained and tested by a ten-time’s ten-fold
cross-validation. A recursive feature elimination
[Ruschhaupt et al., 2004] was applied for each run, yielding 100 lists of the most discriminating features. These
features were ranked according to their selection frequency. 8,191 out of 9,996 features were selected at least
once. To help us focusing on the most relevant features,
only features with a significant selection frequency were
used (p-value ≤ 0.05, in comparison to a random selection, Bonferroni corrected for multiple testing
[Bonferroni, 1935a]). This yielded 181 features. Network
clusters that contained these features were extracted and
are further referred to as extracted clusters. They were
listed in accordance to their selection frequency. Extracted
clusters that contained less than six nodes were not considered to focus on larger patterns. Reactions were regarded as up-regulated (green in figures) if the corresponding genes were significantly up-regulated under
anaerobic conditions (p-value ≤ 0.05 of a t-test), downregulated if significantly down-regulated (red in figures),
and not significantly differentially regulated otherwise
(grey in figures, red/green frames indicate a nonsignificant tendency). Note that not differentially expressed nodes were discarded.
With the second approach (connected edge approach) we
yielded 660 significantly discriminating reaction-pairs

2.4 Generating and assembling the features for the
second approach
The Haar-wavelet was used to extract discriminating reaction pairs. We added and subtracted the values of
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(applied p-value cut-off: 0.01). Features that occurred
twice due to the generation method were considered only
once. All significant reaction-pairs were mapped onto the
complete metabolic graph to extract sub-graphs consisting
of connected pairs. In total, 5 such sub-graphs were identified consisting of 165 reactions.
Neighbouring, connected nodes, that showed identical
regulation (up or down) were grouped together. Only
groups of a minimum of five reactions were selected for
functional interpretation focussing on major regulation
patterns. We will refer to this groups as clusters in the
following. Furthermore all significant switches were extracted. As switches were deemed pairs of reactions. We
yielded 20 significant switches which were defined as
reaction-pairs that showed opposing regulatory behaviour.

tions, glycolysis and the TCA cycle are the major producers of energy. The TCA cycle depends heavily on oxygen
and is therefore of limited use for anaerobic conditions.
To keep the energy production going, glycolysis is upregulated and similarily the fructose and mannose metabolism (C6 nutrients up-take pathways). The pyruvate metabolism switches the compound flow from the TCA cycle
to acids and ethanol production. The formate fermentation
degrades the acid formate or expells it into the outside of
the cell. Additionally, the TCA normally supplies essential compounds for e.g. producing amino acids.For oxygen
deprived conditions, this is taken over by the up-regulated
aspartate metabolism. The cell responses to the higher
concentration of acids by up-regulating histidine biosynthesis to enable an induced buffering by histidine. Under
oxygen rich conditions, oxygen is causing oxidative
stress. During anaerobic conditions, oxygen is reduced
and therefore the oxidative stress response is downregulated, i.e. the production of Fe-S and glutathione reduction (Figure 2). NAD switch: even though NAD may
be more constitutively produced, up-regulation of quinolate synthetases which are the starting point of the NAD
biosynthesis makes sense, as it could be shown that quinolate synthetases become inactive when exposed to oxygen [Ollagnier-De Choudens, et al., 2005] and NAD may
be primarily produced via the tryptophan biosynthesis
pathway under aerobic conditions. Oxygen limitation limits energy production and therefore reduces producing
energy intensive nucleosides. Reduced energy supply may
also explain a switching of the branched chain amino acid
transporters from ATP-dependend ABC-transporters to
sodium-gradient dependend transporters. The C1 processing changes are according to a down-regulated glycin
cleavage system and may be due to the fact that the reaction involved reduces NAD+ to NADH, an oxygen costly
reaction [Madigan, et al., 2003]. The production of the
one-carbon units, for which the glycine cleavage system is
used [Stauffer, 1987], was taken over by serine hydroxymethyltransferase.

C6-nutrients

Fructose/mannose
metabolism

Glycolysis

pyruvate
metabolism

acids

mixed acid fermentation,
anaerobic respiration

formate fermentation

aspartate
metabolism

ethanol

CO2, H2, formate

full TCA (aerobic)
acids

essential
compounds, amino
acids

histidine
biosynthesis

Figure 1. Carbohydrate metabolism and stress response to
acids, up-regulated sub-graphs are green (filled), compounds
are blue (dark). The TCA cycle (grey, fasciated) has got limited function for oxygen deprived conditions (see text).

3.1 Functional characterisation
Basically, the clustering approach found six clusters with
crucial patterns in the following metabolic pathways: 1.
formate fermentation, 2. Aspartate metabolism, 3. Lysine
biosynthesis and C6 nutrients uptake, 4. Glycolysis and
glucose storing, and 5. Glycolysis and NAD switch, 6.
branched chain amino acid transporters. The connected
edge approach found ten clusters: 1. formate fermentation
and anaerobic electron transport chain, 2. Pyruvate metabolism, anaerobic synthesis of deoxyribonucleotides and
electron transport, 3. C6 nutrients metabolism, i.e. glycolysis and fructose/mannose metabolism, 4. C6 nutrients
metabolism: Glycolysis and Entner-Doudoroff pathway,
5. aerobic iron processing and transport, 6. aerobic iron
processing: FE-S biogenesis, 7. histidine biosynthesis,
aspartate metabolism and NAD switch, 8. processing of
guanine nucleosides, 9. processing of uracil nucleosides,
and 10. C1-processing changes and glutathione synthesis.
Finally, we analysed the significant switches. They could
be functionally combined yielding seven groups: 1. formate fermentation, 2. mixed acid fermentation, 3. C1
processing changes, 4. C6 nutrients, 5. branched chain
amino acids transporters, 6. and 7. These groups consisted
of two pairs each with ambiguous functionality and are
not discussed here (for details, see [Schramm et al, in
prep.].
The results are sketched in Figure 1. Under aerobic condi-

FormylCoA,
Oxalatate
Formyl CoAtransferase

Glycolysis

Pyruvate
formate lyase

10-FormylTHF

Formyltetrahydrofolate
deformylase

CoA-oxalate
Formate

Transporter

Periplasm

Formate
hydrogen lyase
complex
Degradation

GTP
cyclohydrolase

Folate biosynthesis

H2, CO2

Figure 2. Formate fermentation. Green boxes indicate significant up-regulation (p-value ≤ 0.05) under anaerobic conditions. Red boxes indicate significant down-regulation. Glucose is catabolised into pyruvate. Under anaerobic conditions, pyruvate is degraded to formate which is either expelled, or further degraded into H2 and CO2. The reactions
for these processes were up-regulated whereas the biosynthesis and degradation of costly compounds were downregulated (folate and 10-formyl-THF, respectively).
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3.2 Comparison to a standard method
To compare the findings of the method described here to a
standard method for analysing gene expression data, a ttest was run on the gene expression levels for the corresponding reactions (without any network information).
Extracted features were ranked due to the calculated pvalue. The first 40 highest ranking reactions were: 1. formate hydrogenlyase complex, 2. FocA formate FNT
transporter, 3. pyruvate formate-lyase, 4. aminomethyltransferase, 5. gcv system, 6. 3-methyl-2-oxobutanoate
hydroxymethyltransferase, 7. glycine dehydrogenase (decarboxylating), 8. PFL-deactivase, 9. acetaldehyde dehydrogenase, 10. pyruvate kinase, 11. fumarate reductase,
12. enolase, 13. N-acetylmuramyl-L-alanine amidase, 14.
formate dehydrogenase, 15. glutamate dehydrogenase
(NADP+), 16. mannonate dehydratase, 17.+18. pyruvate
formate-lyase activating enzyme (2x), 19. triose phosphate isomerase, 20. glutamyl-tRNA reductase, 21. histidine-phosphate
aminotransferase,
22.
2-keto-4hydroxyglutarate
aldolase,
23.
2-keto-3-deoxy-6phosphogluconate
aldolase,
24.
oxaloacetate
decarboxylase, 25. putative NAD+ kinase, 26.
6phosphofructokinase-1, 27. mannose-6-phosphate isomerase, 28. Outer Membrane Ferrichrome Transport System, 29. NADH oxidoreductase, 30. isocitrate dehydrogenase kinase, 31. isocitrate dehydrogenase phosphatase,
32. RhtB homoserine Rht Transporter, 33. histidinolphosphatase, 34. imidazoleglycerol-phosphate dehydratase, 35. Outer Membrane Ferric Enterobactin Transport
System, 36. phosphoenolpyruvate carboxylase, 37. tetrahydrodipicolinate succinylase, 38. imidazole glycerol
phosphate synthase, 39. 3-hydroxy acid dehydrogenase,
and 40. branched chain amino acids ABC transporter. At
the top are three reactions involved in fermentation of
formate that were also found with our method. Six reactions (10, 13, 15, 25, 29, 32) were not extracted by our
method. Five of these reactions were not found due to the
network creation method. Unspecific metabolites were
deleted resulting in the deletion of reactions that catalyse
such unspecific metabolites, such that pyruvate kinase,
glutamate dehydrogenase (NADP+), NAD kinase, NADH
oxidoreductase and RhtB homoserine Rht transporter
were not included into the metabolic network. Putative
reactions with not defined metabolites like N-acetylanhydromuramyl-L-alanine-amidase, the sixth not found
reaction, were also not included into the metabolic network and could therefore not be found. With this caculated list from the standard method, we could not get any
reactions for the iron processing response. Furthermore,
the interesting histidine pathway was entirely found by
our connected edge method. In contrast, with the standard
method we found four out of ten reactions which are scattered in the list (21, 33, 34, 38) making it rather difficult
to infer a combined regulation of the defined histidine
pathway.

gene expression levels. In our case study several interesting and essential sub-graphs with differential expression
patterns for E. coli when exposed to oxygen deprived
conditions were identified like the fermentation of formate, processing of C6 nutrients, biosynthesis of histidine
and iron metabolism. Thus a huge variety of anaerobic
responses were discovered ranging from fermentation to
energy and iron metabolism to acidic buffering. This covered not only direct regulations but also patterns originating from more complex environmental influences following the adaptation to oxygen deprivation like the response
to excreted acids and thus the change in pH. Nevertheless,
essential sub-graphs are not detected isolated but might
interfere with related or connected pathways depending on
the metabolites. The cluster containing histidine biosynthesis consisted also of parts of the aspartate and glutamine metabolism. This is due to the unspecific hub-like
character of some metabolites connecting a huge variety
of pathways. However, to give the found sub-graphs and
reaction chains functional meaning was rather tedious and
time consuming. We had to scan the appropriate literature
and extract the specific information in a very detailed and
long lasting procedure. We see an automated processing
of this as a major task for the future.
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