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Chapter 6 

1 Background 
Functional modules are components of a system that have a specific function. For 

example, a computer consists of a mother board, hard disk, monitor, and video card. These 
different components all have a specific functionality and are therefore considered as 
functional modules. Functional modules depend on the level of detail in which a system is 
studied. The video card of the computer, for instance, consists of different functional 
modules as well, such as, the connector to the mother board, cooler, memory, and processor. 
In cell biology, functional modules in the broadest sense relate to specific metabolic 
processes like carbon metabolism, stress response, or redox/energy balance. These broad 
definitions include all layers of cellular organization; genes, proteins, and metabolites [1]. 
Functional modules can be subdivided down to the level of a single metabolic pathway, or a 
part of a pathway, or a single operon. Generally, functional modules are considered on 
distinct biochemical layers within the cellular organization, for instance, gene regulons [2], 
protein interaction networks [3], or the energy/redox metabolite pools [4]. As functional 
modules relate to biological function, their behavior and regulation can provide information 
on the physiological state of an organism and thus reflect its response to environmental 
conditions. 

To grow and to maintain themselves, cells attempt to regulate their important 
processes within certain boundaries. Even after (extreme) changes in environmental 
conditions, the cells try to maintain these boundaries. This regulatory phenomenon is called 
homeostasis.  

For metabolomics data, homeostasis refers to cellular metabolite concentrations. The 
concentrations of metabolites in a cell are influenced by different factors: (i) enzyme activity, 
which is regulated via several mechanisms, such as enzyme concentration and allosteric 
regulation; (ii) the concentrations of metabolites connected in the metabolic network as 
these determine the thermodynamic push or pull in a certain direction for the biochemical 
reactions; (iii) the possibilities of the organism to control the influx and efflux of 
metabolites, for instance, it can be very difficult to control the influx of organic acids, as 
organic acids in undissociated form can travel freely over the cell membrane [5,6]. This 
factor is also related to (ii).  

Cellular regulation of homeostasis is often hierarchically organized; global regulatory 
effects coordinate central metabolism in an organism cultivated under normal, not stressful 
conditions (base-level homeostasis), while increasingly smaller-scale sub-processes are 
controlled to respond to specific changes in environmental conditions (Figure 1). In other 
words, global regulation mechanisms are dominant when the organism is cultivated under 
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Figure 1 - Schematic overview of the regulation of homeostasis in the cell. Global regulatory 
effects control ‘important’ processes under normal, not stressful conditions. Local regulatory 
effects become visible due to specific changes in the environmental conditions. 

conditions that generally are not stressful.  
In contrast, local regulatory mechanisms become dominant when the processes they 

control become perturbed beyond the boundaries of this base-level homeostasis. Such a 
perturbation could result in a new homeostatic state, or in the inability of the cells to grow 
and maintain themselves and thus in loss of homeostasis. In the example of the organic 
acids, the production of these compounds by fermentative micro-organisms results in the 
accumulation of toxic concentrations of these organic acids [5,6] disrupting the membrane 
potential and thus cellular homeostasis. Pieterse and co-workers [6] discovered that 
Lactobacillus plantarum redirects its metabolism towards other fermentation end products 
in response to this disruption. This can be considered a local response to the specific 
perturbation of the cell. 

The layout of cellular regulation implies that at the extremes two types of functional 
modules can be discerned: (i) functional modules on the level of global regulation, and (ii) 
functional modules on the level of local organization. Identifying functional modules 
between these two extremes in metabolomics data sets will require different strategies. Local 
regulatory effects will manifest themselves in response to specific perturbations of that area 
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in the metabolic network that they control, while the global regulatory effects will be 
reflected by metabolites whose concentration behaves similar under a wide range of 
environmental conditions. 

Until recently, the study of functional modules in experimental metabolite data was 
limited by the poor detection of large numbers of metabolites. Therefore, the study of 
functional modules in metabolism was limited to in silico analysis based on the topology of 
the metabolic network [7-9]. These are bottom up systems biology approaches in which the 
study of the functional modules is based on the modeling of existing knowledge about the 
metabolism [10]. These models model flux distributions under steady state assumptions, 
and they are often not able to fully capture concentration-based regulation mechanisms 
[11]. Here we describe a top down systems biology approach to identify functional modules. 
Instead of analyzing flux distributions, we analyze metabolite concentrations. This is now 
possible due to the advancements in the field of metabolomics [12,13] that allows the 
measurement of the (relative) concentrations of several hundreds of metabolites [13]. In this 
paper we identify both global and local functional modules in two different microbial 
metabolomics data sets. 

2 Results 
For the purpose of this study, two different metabolomics data sets were used. The first 

data set was a metabolomics data set in which P. putida S12 was grown on four different 
carbon sources as the sole carbon source [14]. The second data set consisted of 
metabolomes of E. coli grown under 28 distinct conditions with regard to strain, 
environmental conditions, and time point of harvesting [15].  

2.1 Homeostasis of metabolites 
Homeostasis refers to the desire of a cell to maintain important processes within 

certain boundaries in order to grow and maintain itself. In order to study whether 
homeostasis could be identified in a microbial metabolome data set, we determined the 
behavior of the relative concentration of the average metabolite in the E. coli data set (Figure 
2). To this end, the concentrations of all the individual metabolites were converted into 
relative concentrations with respect to the maximal concentration for that metabolite in on 
of the samples. Subsequently, the relative concentrations of every metabolite were sorted 
(ranked) from low to high. Next, the concentration profile of an average concentration was 
established by averaging the relative concentrations of all the metabolites per rank.  

There was a large difference between the average relative metabolite concentration and 
the maximal relative concentration achieved for a metabolite in the E. coli data set (Figure 
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2). The average relative concentration, estimated by the median as a robust estimator, was 
13.8% of the total relative range (100%). This observation is an indication that some of the 
28 distinct environmental conditions studied in this experiment perturbed the homeostasis 
of the average metabolite. Furthermore, this perturbation seemed to have induced local 
regulatory phenomena. A more linear behavior would have suggested that global regulation 
is dominant, as the metabolite concentrations are left free or are maintained within certain 
boundaries (Figure 1). 

Studying the metabolite concentration profiles of individual metabolites could provide 
further insight in the nature of homeostasis and of (specific) regulatory processes 
controlling its concentration. Therefore, the ordered relative concentration profiles for all 
metabolites in the E. coli data set were plotted and visually inspected. En large, we could 
discriminate six different concentration profiles, and possibly regulation patterns. Figure 3A 
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Figure 2 - Relative concentration profile of an average metabolite. The metabolite 
concentrations of the E. coli data set were per metabolite sorted from low concentration to 
high concentration. Furthermore, the concentrations were per metabolite normalized relative 
to the highest concentration reached for that metabolite. The sorted and normalized 
metabolite concentrations were averaged per sort position using the mean as a robust 
estimator. This means that over all metabolites the lowest relative concentration was averaged. 
Next the second lowest concentration was averaged. This was continued until the highest 
relative concentration was averaged. This resulted in the relative concentration profile of an 
average metabolite in the E. coli data set sorted in ascending order. The shaded area is the 
median +/- the median absolute deviation (MAD). The shaded area is a robust indication for 
the dispersion around the median relative concentration in the 28 experiments in the E. coli 
data set. The error bars represent the standard error (n=188). 
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shows the pattern of a metabolite that matched the average pattern (Figure 2); the average 
concentration was low compared to the maximally attained concentration. This could 
indicate that the last four experimental conditions somehow strongly perturbed the 
concentration of phenylpyruvate. The profiles of the metabolites in Figure 3B and 3C did 
not show extreme relative concentrations, that is, the concentrations were evenly distributed 
between the maximal and the minimal concentration. This could point to at least two 
possible situations: (i) the metabolites were controlled within the ‘normal’ boundaries of 
homeostasis; (ii) the concentrations of these metabolites were not regularly controlled. The 
profile in Figure 3C described a smaller relative concentration range than Figure 3B, 30-
100% for Figure 3C and 5-100% for Figure 3B respectively. This could be an indication that 
the metabolite in profile B was not under strong regulation, while FMN, the metabolite in 
Figure 3C was regulated at a base level. Figure 3D is an example of a metabolite, aspartate, 
showing extreme differences between a base level homeostasis and deviations from it. In E. 
coli, the metabolites fumarate and malate can be interconverted from aspartate via simple 
enzymatic conversions by generally highly active enzymes. We therefore expected that 
fumarate and malate would show a similar concentration profile, which was indeed the case 
(Supplemental data I). For all three metabolites the extreme concentrations were observed 
when the cells were cultivated on succinate. Figure 3E displays the pattern of a metabolite 
whose concentration is below the detection limit under half of the environmental conditions 
and is detectable in the other half.  

There are three possible explanations for this behavior: (i) either the flux through the 
enzyme that converts this metabolite is very high; (ii) the metabolite was not produced 
under those experimental conditions; or (iii) a concentration profile similar to the other 
profiles is present, although not detectable with the used equipment. The last profile (Figure 
3F) demonstrates the pattern of a metabolite that suggests that there can be different 
regulation levels or homeostatic states at which the concentration of a metabolite can be. 
There is a low concentration state, a mid range concentration state, and a very high 
concentration state. These metabolite profiles indicate that different local and global 
regulatory mechanisms are indeed present in the E. coli data set. 
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Figure 3 - Profiles of the distribution of the relative metabolite concentration of selected 
metabolites. All profiles are relative to the highest concentration in the data set of that 
metabolite. The concentrations are sorted in ascending order. The dashed lines in 3D, E and 
F indicate possible local perturbations. 
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2.2 Identification of functional modules 2.2 Identification of functional modules 

2.2.1 Global functional modules 2.2.1 Global functional modules 
Global functional modules are based on the similarity in behavior of a group of 

metabolites under the full range of experiments in the data set (Figure 4). Therefore, as a 
measure of similarity, the pair wise correlation between metabolite concentrations was 
calculated [16]. Correlation analysis as a means to identify regulatory effects in 
metabolomics is also discussed in a recent paper by Müller-Linow and co-workers [17]. 
Calculating correlations on a small number of measurements will likely result in unreliable 
results due to the amount of false positives that can be expected. Since the P. putida data set 
consisted of metabolomes obtained from three biological replicates of four different 
environmental conditions, we refrained from correlation analysis with the P. putida S12 data 
set.  

Global functional modules are based on the similarity in behavior of a group of 
metabolites under the full range of experiments in the data set (Figure 4). Therefore, as a 
measure of similarity, the pair wise correlation between metabolite concentrations was 
calculated [16]. Correlation analysis as a means to identify regulatory effects in 
metabolomics is also discussed in a recent paper by Müller-Linow and co-workers [17]. 
Calculating correlations on a small number of measurements will likely result in unreliable 
results due to the amount of false positives that can be expected. Since the P. putida data set 
consisted of metabolomes obtained from three biological replicates of four different 
environmental conditions, we refrained from correlation analysis with the P. putida S12 data 
set.  

The correlation networks of the E. coli data set were studied for different cut-off values 
for the correlation coefficient (Figure 5, additional results not shown). Three global 
functional modules were present at all cut-off values and grew in size when a lower 
correlation coefficient was selected as cut-off (Figure 5). These global functional modules 

The correlation networks of the E. coli data set were studied for different cut-off values 
for the correlation coefficient (Figure 5, additional results not shown). Three global 
functional modules were present at all cut-off values and grew in size when a lower 
correlation coefficient was selected as cut-off (Figure 5). These global functional modules 
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Figure 4 - Principle behind correlation analysis and two-mode clustering for the identification 
of global and local functional modules. In a correlation analysis, the behavior of the 
concentrations of metabolite A and B is compared over all environmental conditions. The 
highest correlation coefficient is obtained when the concentrations of the compared 
metabolites behaves the same under all experimental conditions. In contrast, two-mode 
clustering clusters metabolites that behave most similar within subsets of the environmental 
conditions [23]. The two-mode clustering method simultaneously partitions the normalized 
[25] metabolite concentration data by searching for those partitions of metabolite 
concentrations and experimental conditions that result in the most homogeneous partitions. 
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were based on metabolites related to (i) Nucleotides, energy and cell wall intermediates, (ii) 
amino acids, the pentose phosphate pathway, nucleotide bases, and (iii) a module that is 
strongly interconnected but consisted initially of unknowns. At rho = 0.725 (Figure 5B) 
citrate, fumarate, malate, glycerate, 3-dehydroquinate, 2-hydroxyglutarate, and FMN have 
joined this module as well.  

The large global functional modules (more than six members) in Figure 5B contain 
metabolites that are close to each other in the metabolic network as well as metabolites that 
are further way. For instance, the amino acid/PPP global functional module contains many 
intermediates from the aromatic amino acid biosynthesis pathway, e.g. erythrose-4P, 
chorismate, phenylpyruvate, tyrosine, tryptophan, and phenylalanine. However, metabolites 
that are further away in the metabolic network, e.g. the amino acids valine and isoleucine; 
the nucleotide bases thymine, guanine, and uracil; are part of this module as well. This 
global functional module could be the result of regulation of amino acid concentrations and 
regulation of the distribution of PPP intermediates towards (i) C5-sugars (building blocks 
for nucleotides) and (ii) the aromatic amino acid biosynthesis pathway (erythrose-4P).  

Another example of a global functional module, with closely related as well as more 
distinct metabolites, is the nucleotides/energy/cell wall global functional module. In this 
module, many of the nucleotides are present, but also acetyl CoA, fructose-1,6-bisphosphate 
(FBP), and phosphoenolpyruvate. Moreover, notable missing nucleotides are GTP and ATP, 
that both cluster with CoA (Figure B, red module labeled “Energy transfer”); and AMP that 
clusters with a disaccharide.  

The finding that the identified global functional modules did not comply to the 
distance in the metabolic network is in line with the work of Notebaart and co-workers [18], 
who showed for flux analysis that closeness in the metabolic network is not a good indicator 
for flux predictions; and with the work of Steuer and co-workers [19]. 
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Figure 5 - Networks of significantly correlating metabolites in the E. coli metabolome data.(A) 
Modules at a correlation coefficient of 0.875, (B) Modules at a correlation coefficient of 0.725. 
Modules with the same color indicate modules that were small at rho = 0.875 and were 
extended further at rho = 0.725. If necessary, the description of the module was extended. The 
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correlation coefficient cut-off value (Results not shown). 
 
Figure 6 (page 93) - Local functional modules in P. putida S12 data set using two-mode 
clustering. The characters F, G, N, and S refer to respectively D-fructose, D-glucose, gluconate, 
and succinate, the carbon source on which P. putida S12 was grown. The colors refer to the 
metabolite concentrations relative to their biological range. The BAC codes refer to unidentified 
metabolites, and the (?) refers to metabolites whose identification is uncertain. 

 
Figure 7 (page 94) - Local functional modules in E. coli data set using two-mode clustering. The 
numbers below the x axis refer to the experimental conditions. The colors refer to the metabolite 
concentrations relative to their biological range. The (?) refers to metabolites whose 
identification is uncertain. 
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Global functional module Metabolites involved (total 
metabolites in module) 

Nucleotides, energy, cell wall 10 (17) 
Unknown, aromatic amino acids, 
citric acid cycle 

3 (21) 

Energy transfer 3 (3) 
Amino acids, PPP 2 (29) 
Amino group transfer 1 (2) 
Fermentation 1 (7) 

 
Table 1 - Global functional module membership for metabolites involved in the core reactions 
of E. coli. From the global functional modules identified at rho = 0.725, 20 metabolites were 
involved in the core reactions of E. coli. 

The global functional modules in Figure 5B were compared with the metabolic core of E. 
coli as identified by flux-balance analysis [20]. According to Almaas and co-workers [20], 
the fluxes of the metabolic core reactions were highly correlated under the 30 000 tested 
simulation environments. In 44 of the 90 reactions of the metabolic core, 20 metabolites (of 
a total of 96) from Figure 5B were involved in one or more reactions. ATP was involved in 
22 of these 44 reactions, whereas ADP was involved 11 times. The measured concentration 
profiles of the metabolites involved in the core reactions of E. coli are not as strongly 
correlated as the fluxes [20], since the metabolites are divided over six global functional 
modules (Table 1), instead of one functional module. However, it is remarkable that from 
the 20 metabolites involved in the core reactions, 10 metabolites were member of the 
nucleotides/energy/cell wall global functional module (Table 1).  

2.2.2 Local functional modules 
Local regulatory mechanisms become active when certain processes in the central 

metabolisms are (temporarily) perturbed in order to (i) maintain homeostasis by reaching 
another local homeostatic level; (ii) to be able to return to homeostasis; (iii) or as a sign that 
the cell is out of homeostasis (Figure 1). Local functional modules are groups of metabolites 
that behave similar in the conditions that overrule the global regulatory effects, or that 
behave similarly in that subset of the experimental conditions that only perturb specific 
processes of the metabolism. In order to identify local functional modules in real life 
metabolomics data sets, the data analysis tool two-mode clustering was applied. Two-mode 
clustering searches for groups of metabolites that behave the same for subsets of 
experimental conditions (Figure 4) [21,22]. 
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In the P. putida S12 data, five local functional modules were identified after two-mode 
clustering (Figure 6). For instance, a part of the catabolic pathway for D-fructose, gluconate 
and D-glucose was recovered in local functional module V [23]. The clustering of these 
metabolites seemed primarily determined by the behavior of the metabolites under growth 
on D-glucose and D-fructose. Here, the highest and lowest relative metabolite 
concentrations were detected. As the two-mode clustering method searches for clusters that 
are as homogenous as possible, clustering extreme values in data with this type of 
concentration profiles (Figure 2) correctly is more important than clustering average values 
correctly, since wrongly clustering extreme values will generally have a larger impact on 
cluster homogeneity than wrongly clustering average values. The behavior of these 
metabolites under growth on D-glucose and D-fructose was especially interesting as the 
preferred carbon sources for P. putida S12 are organic acids [24]. These results suggested 
that this functional module was specifically perturbed by these sub-optimal carbon sources, 
D-glucose and D-fructose, and that this functional module was locally regulated in order to 
maintain homeostasis.  

For the E. coli data set six local functional modules were identified [23] (Figure 7). The 
number of local functional modules in the E. coli data set could not be determined with 
certainty as the large number of experimental conditions made it difficult to establish an 
optimal number of clusters, and thus local functional modules in this data set [23]. The 
clustering lead to functional modules which were biologically relevant, for instance, 
ketoglutarate, glutamate, malate, fumarate, aspartate, and NADH, all citric acid cycle and 
redox related metabolites, were part of the same local functional module (Figure 7, V). The 
local functional module seemed to be perturbed the most when E. coli was grown on 
succinate instead of D-glucose (Figure 7, E). This provided an explanation for the joint 
behavior of these metabolites as growth on succinate as sole carbon source requires 
gluconeogenesis, which results in a lower energy yield compared to growth on D-glucose. 
The lactate and pyruvate metabolite pair were part of another functional module (Figure 7, 
VI) that had extreme concentrations when E. coli was cultivated under oxygen limited 
conditions (Figure 7, C). As lactate is a major fermentation end product of E. coli produced 
from pyruvate under fermentative conditions, this is another example of a biologically 
meaningful local functional module in this data set. These results demonstrate that the 
behavior of these metabolites closely related to, or part of the citric acid cycle behave 
differently after specific perturbations.  
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2.2.3 Global versus local functional modules 
Identifying functional modules on either the local or the global level means exploring 

different views on metabolism (Figure 1). Comparing these regulation levels will therefore 
reveal more information about the relation between them. The composition of the global 
functional modules (rho = 0.725) of E. coli (Figure 5) was compared with the identified local 
functional modules (Figure) and the comparison is presented in Table 2. Although the 
global functional modules analyzed often contain metabolites which are for a majority 
member of one local functional module, it is clear that there is no direct correspondence 
between the composition of the global and the local functional modules. The metabolites 
that are part of the same global functional modules are frequently divided over several local 
functional modules. Examples of this are the global functional modules “Unknown/citric 
acid cycle/aromatic amino acid pathway” and “Amino acid/PPP”, which contain metabolites 
that are member of respectively four and five local functional modules. In addition, the 
metabolites in local functional modules are spread over different global functional modules. 
For instance, metabolites in local functional module VI are divided over five different global 
functional modules, among which are the global functional modules “Unknown/citric acid 
cycle/aromatic amino acid pathway”, “Amino acid/PPP”, and “Fermentation”. Local 
functional module VI was perturbed the most under low oxygen conditions. The results 
presented in Table 2 illustrate the differences between global and local functional modules. 
It shows that metabolites that are part of the same global functional module can be part of 
different local functional modules due to different responses to local perturbations and vice 
versa. 

3 Discussion 
In this paper we have identified functional modules in two real life microbial 

metabolomics data sets. Using two different data analysis tools, we were able to identify 
functional modules based on global (Figure 5) and local (Figure 7,8) regulatory effects in 
two data sets of a very different nature.  

These results provide insight in the mechanisms of homeostasis, where local 
perturbations of metabolism by specific environmental conditions lead to local responses in 
the metabolic network in order to maintain homeostasis. This is demonstrated by the 
average metabolite profile in the E. coli data set (Figure 2).  

Moreover, differences in local behavior of the concentrations of metabolites that were 
member of the same global functional module were identified. While the metabolites were 
part of the same global functional module, they belonged to different local functional 
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modules in response to specific changes in the environmental conditions (Figure 6 and 7). 
The nature of the two data sets had a strong influence on the ability to identify local 

and global functional modules. The P. putida S12 experimental design consisted of only four 
different experimental conditions, while the E. coli experimental design had a broad range 
of different experimental conditions with regard to environmental conditions, strains, and 
time points at which the samples were taken. The number of different experimental 
conditions and the impact of the changes in environmental conditions (e.g. low oxygen 
versus normal oxygen levels, or D-glucose versus succinate as carbon source) made the E. 
coli data set better suited for the identification of local functional modules, as many different 
local perturbations were present. In contrast, the P. putida S12 data set is more suited for the 
discovery of global functional modules as the global regulatory mechanisms are perturbed 
only by the different carbon sources. However the small number of samples prohibited us to 
perform this analysis reliably.  

Generally, we anticipate that the nature and type of functional modules that can be 
identified with the methods presented in this paper depend highly on the experimental 
design. This means that the functional modules discovered vary between data sets and are 
not static as parts of a jigsaw puzzle. For instance, different environmental conditions, such 
as carbon source, pH, nitrogen source, will induce different local perturbations. 
Furthermore, experimental designs based on different and strong perturbations will favor 
the discovery of local functional modules, while experimental designs with no or only 
mildly varying environmental conditions will favor the identification of global functional 

Global functional module Number of metabolites of global functional 
module found in local functional module 

Unknown, citric acid cycle, 
aromatic amino acid pathway 

Module II (1), Module III (2), Module V (12), 
Module VI (6), Total (21) 

Nucleotides, energy, cell wall Module II (4), Module III (13), Total (17) 
Energy transfer Module III (3), Total (3) 
Amino group transfer Module V (2), Total (2) 

Module I (7), Module II (5), Module IV (10), 
Module V (3), Module VI (4), Total (29) 

Amino acid, PPP 

Fermentation Module VI (7), Total (7) 
Table 2 – Comparison module membership for global and local functional modules. The 
cluster composition of the global functional modules at rho = 0.725 was compared with the 
local functional modules. Between brackets, the number of metabolites from the global 
functional module present in the local functional module is given. Also the total number of 
metabolites in the global functional module is given.
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modules. Therefore, to study global or local metabolic regulation, the experimental setup 
should be designed in such a way that these regulatory effects are present in the data. 

Besides the influence of the experimental design on the discovery of global and local 
functional modules, the settings of the data analysis methods influence the results as well, as 
discussed in Chapter 5  for two-mode clustering [23]. Varying the cut-off value for the 
correlation coefficient will provide different views on the global networks from loosely 
related to strongly related functional modules. There is no straightforward answer to which 
settings are the right or best ones. The different settings will provide different views on the 
data; selecting more functional modules for two-mode clustering will allow a more refined 
view on local effects, limited by the resolution or information present in the data. Biological 
interpretation, combined with rigorous statistical validation will therefore provide the most 
relevant views. 

To our knowledge, this is the first time that metabolic regulation on the level of global 
and local functional modules has been identified in real life microbial metabolomics data 
sets. This work could therefore provide a basis for future work on metabolic homeostasis 
and regulation of metabolite concentrations in micro organisms. 

4 Methods 
4.1 Data set 

The P. putida S12 data set was generated by cultivating P. putida S12 in independent 
triplicate controlled fermentations on D-fructose, D-glucose, gluconate, and succinate [25]. 
Metabolome samples were taken, quenched, extracted, and analyzed by GC-MS [26] and 
LC-MS [27]. The resulting data was normalized and manually curated as described 
previously [25], metabolites that were not detected in more than 80% of the experiments 
were removed from the data set. The data set consisted of 162 metabolite measurements. 

The E. coli data set was generated by cultivating E. coli NST74, a phenylalanine 
overproducing strain, in controlled batch fermentations in which one environmental 
parameter compared to a reference condition was varied [15]. One fermentation was 
performed with the wild type strain W3110, instead of the NST74 strain. Metabolome 
samples were taken at different time points during the fermentations, quenched, extracted, 
and analyzed by GC-MS and LC-MS. The resulting data was normalized and manually 
curated as described previously[23], metabolites that were not detected in more than 80% of 
the experiments were removed from the data set. The data set consisted of 188 metabolite 
measurements. 
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4.2 Global functional modules 
The pairwise correlation between each metabolite pair was determined based on 

Spearman rank correlation, as this correlation measure is robust with regard to outliers and 
non-linear behavior [28]. Metabolite pairs with an absolute correlation coefficient (ρ) larger 
than 0.7 were considered relevant for interpretation (p-value for every correlation with |ρ| 
>= 0.7 and 28 observations (E. coli data set) is equal or smaller than 5.1·10-5). The absolute 
correlation takes into account positive as well as negative correlations between metabolite 
pairs. Correlation coefficients lower than 0.7 were not further analyzed, as the correlation 
between two metabolites then explains less than roughly 49% (ρ2 = 0.49) of the variation of 
the metabolite pair. Additional testing by permutation tests (1000 runs) confirmed their 
significance. The significant correlations were visualized for different cut-off values (Figure 
5, additional results not shown) with the software program Cytoscape [29].  

4.3 Local functional modules 
For the discovery of the local functional modules a genetic algorithm based two-mode 

clustering method was applied [23]. The two-mode clustering method searched for clusters 
of experimental conditions and metabolites that were as homogeneous as possible. Before 
the two-mode clustering was applied the data was range scaled [25] in order to search for 
functional modules based on the behavior of metabolites relative to their biological range. 
The optimal number of clusters in the metabolite and experiment mode was based on the 
generalized knee method and the biological interpretation of the clustering results [23]. To 
decrease the chance of identifying a local minimum, five different start solutions were 
chosen and the best solution was used in further analysis. 

4.4 Computations 
The computations were performed on personal computers running Windows XP, 

Matlab [30], the statistics toolbox, the genetic algorithm and direct search toolbox, both 
from Mathworks, and home-made scripts.  
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RAB interpreted the results, contributed to conceptual discussion, and wrote the 
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