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7 Summary and outlook 
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Chapter 7 

1 Important factors in a top down systems biology study 
In top down systems biology, the answer to a certain biological question is sought in 

the systems wide response of a biological system to the chosen experimental conditions. The 
response of the biological system is measured with –omics tools, such as, transcriptomics or 
metabolomics, and advanced data analysis tools are applied to extract biologically relevant 
information from the measurements. The success of a top down systems biology approach is 
highly dependent on the information richness of the data obtained from the –omics 
measurements. Therefore, it is essential for a successful top down systems biology study to 
balance the three key factors: (i) biological question, (ii) experimental design, and (iii) data 
analysis. In Chapter 1, we discuss these three key factors, their interdependence, and their 
significance for successful top down systems biology. In Chapters 2 to 6, different aspects of 
the relation between a biological question and a data analysis strategy, such as, data 
pretreatment and selection of the most suited data analysis method, are further explored. 

2 Data pretreatment 
2.1 Translation of a biological question into the expected 
behavior of relevant biomolecules 

Extracting relevant biological information from large data sets is a major challenge in 
functional genomics research. Different aspects of the data hamper their biological 
interpretation. For instance, 5000-fold differences in concentration for different metabolites 
are present in a metabolomics data set, while these differences are not proportional to the 
biological relevance of these metabolites. However, data analysis methods are not able to 
make this distinction. Data pretreatment methods can correct for aspects that hinder the 
biological interpretation of metabolomics data sets by emphasizing the biological 
information in the data set and thus improving their biological interpretability.  

In Chapter 2, different data pretreatment methods i.e. centering, autoscaling, pareto 
scaling, range scaling, vast scaling, log transformation, and power transformation, were 
tested on a real-life metabolomics data set. They were found to greatly affect the outcome of 
the data analysis and thus the ranking of the, from a biological point of view, most 
important metabolites. Furthermore, the stability of the ranking, the influence of technical 
errors on data analysis, and the preference of data analysis methods for selecting highly 
abundant metabolites were affected by the data pretreatment method used prior to data 
analysis. 

We found that different pretreatment methods emphasize different aspects of the data 
and each pretreatment method has its own merits and drawbacks. The choice for a 
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pretreatment method depends on the biological question to be answered, the properties of 
the data set and the data analysis method selected. For the explorative analysis of the 
validation data set used in this study, autoscaling and range scaling performed better than 
the other pretreatment methods. That is, range scaling and autoscaling were able to remove 
the dependence of the ranking of the metabolites on the average concentration and the 
magnitude of the fold changes and showed biologically sensible results after PCA (principal 
component analysis). In conclusion, selecting a proper data pretreatment method is an 
essential step in the analysis of metabolomics data and greatly affects the metabolites that 
are identified to be the most important. 

2.2 Removal of confounding variation from micro-array data 
Confounding variation is variation that obscures the induced biological variation. 

Removal of the confounding variation can improve the interpretation of the data. In 
Chapter 3, we present a strategy to remove confounding variation based on an ANOVA 
approach, and to assess the impact of the removal on the interpretation of the variation 
induced by the experimental design. Our strategy is applied to an Aspergillus niger micro-
array data set in which the variation induced by the experimental design was obscured by 
variation induced by the presence or absence of substrate. It was possible to remove the 
confounding variation; however, variation induced by the experimental design was partially 
removed as well. This was due to correlation between the variation induced by the 
experimental design and the confounding variation. 

3 Conversion of a biological question into a data analysis 
question 
3.1 The relation of a class of metabolites and its surrounding 
metabolic network 

In metabolomics research it can be important to focus the data analysis to areas of 
specific interest within metabolism. For instance, the biological question under study can be 
related to a specific class of metabolites or a specific pathway. Supervised data analysis 
methods can bring this focus into data analysis and provide information on the behavior of 
the interesting metabolites in relation to the remainder of the metabolome. In Chapter 4, we 
describe the application of consensus PCA (CPCA) and canonical correlation analysis 
(CCA) as a means to focus data analysis. CPCA searches for major trends in the behavior of 
metabolite concentrations common for the metabolites of interest and the remainder of the 
metabolome. CCA identifies the strongest correlations between these two subsets. 

CPCA and CCA were applied to two microbial metabolomics data sets. The first data 
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set, derived from Pseudomonas putida, was relatively simple and contained metabolomes 
obtained under four environmental conditions only. The second data set, obtained from 
Escherichia coli, was complex and contained metabolomes from 28 different environmental 
conditions. For the first data set, CCA and CPCA gave similar results as the variation in the 
two subsets was similar. In contrast, CCA and CPCA yielded different results in case of the 
E. coli data set. With CPCA the trends in the metabolites of interest – the phenylalanine 
biosynthesis intermediates - dominated the results. These trends were related to high and 
low phenylalanine productivity, and important metabolites were associated with amino acid 
metabolism and regulation of the phenylalanine biosynthesis route. 

With CCA neither subset dominated the data analysis. CCA described correlations 
between the subsets based on wild type and overproducing strain differences and different 
carbon sources. For the strain differences, metabolites from the aromatic amino acid 
pathways were important.   

Both CCA and CPCA enable to focus the data analysis of metabolomics data to groups 
of metabolites that are of specific interest. Depending on the nature of the data set, they 
provide different, complementary, views on the relation between the metabolites of interest 
and the remainder of the metabolome. 

3.2 Analysis of the behavior of subsets of metabolites under 
different environmental conditions 

Metabolomics and other omics tools are generally characterized by large data sets with 
many variables and obtained under different environmental conditions. Clustering methods 
and more specifically two-mode clustering methods are excellent tools for analyzing this 
type of data. Two-mode clustering methods allow for analysis of the behavior of subsets of 
metabolites under different experimental conditions. In addition, the results are easily 
visualized. In Chapter 5 we introduce a two-mode clustering method based on a genetic 
algorithm that uses a criterion that searches for homogeneous clusters. Furthermore we 
introduce a cluster stability criterion to validate the clusters and we provide an extended 
knee plot to select the optimal number of clusters in both experimental and metabolite 
modes. 

The genetic algorithm-based two-mode clustering gave biological relevant results 
when it was applied to two real life metabolomics data sets. It was, for instance, able to 
identify a catabolic pathway for growth on several of the carbon sources. 
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3.3 Discovery of functional modules in metabolomics data: 
regulation of cellular metabolite concentrations 

In metabolism, functional modules can be defined as groups of metabolites that have a 
related function. Functional modules can be determined on different levels within the 
cellular organization. In response to normal, not stressful conditions, global regulatory 
effects will control the major physiological processes. These global regulatory effects are 
characterized by metabolites whose concentrations show a similar behavior in response to 
different environmental conditions. Changes in environmental conditions that perturb 
specific areas in the metabolism will provoke local regulatory effects. Metabolites whose 
concentration responds similar in response to such local perturbations will be part of the 
same local functional module. In Chapter 6, we identified both local and global functional 
modules based on two real-life microbial metabolomics data sets. Furthermore we discuss 
the nature of homeostasis, as is reflected by the regulation of metabolite concentrations. 

Local functional modules were identified in two microbial metabolomics data sets 
originating from Escherichia coli and Pseudomonas putida S12 by a two-mode clustering 
approach. Their identification proved strongly dependent on the variation in environmental 
conditions under which the metabolome data were obtained. For instance, a local functional 
module containing citric acid cycle and redox-related metabolites was identified when E. 
coli was grown on succinate instead of D-glucose. The global functional modules were 
discovered by a correlation network analysis. Here, modules related to amino acid 
biosynthesis and the central metabolism were found. Comparison of the metabolite 
composition of local and global functional modules revealed that metabolites which are 
member of the same global functional module are not necessarily member of the same local 
functional module, and vice versa. 

Regulation of metabolite concentrations was found to occur on different hierarchical 
levels. Whether these different hierarchical regulation levels could be identified in the 
metabolomics data set depended strongly on the environmental conditions – and thus the 
experimental design of the data sets - and how the selected conditions perturb the 
metabolism. By the application of two different data analysis methods both local and global 
functional modules could be identified. 

4 Outlook further research 
The results presented in this thesis offer several leads for further research both 

biologically as well as data analysis oriented. The previous chapters of this thesis were 
inspired by the translation of a biological question into a data analysis strategy. Although the 
research was illustrated by real life data sets, the final step, that is, validation of the findings 
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in the laboratory was not made. Therefore, following up leads found in the previous 
chapters would be the proof of the pudding for the proposed approaches. Nevertheless, 
there remain more generic topics for research as well. 

4.1 Functional modules 
The search for functional modules in metabolomics data in Chapter 6 was a step 

towards a better understanding of the regulation of metabolite concentrations. The next step 
would be to set up a top down systems biology study in which the properties of global as 
well as local regulatory mechanisms are further explored. Ideally, such study would be 
developed for a well studied and relatively simple organism, for instance Escherichia coli or 
Bacillus subtilis. The study should be designed around (parts of) the central metabolism and 
around more condition dependent modules, e.g. amino acid biosynthesis. In this way, the 
regulatory differences with regard to global and local regulation between constitutive and 
inducible areas of the metabolism can be analyzed. While it is difficult, if not impossible, to 
establish a clear distinction [1] between local and global functional modules; studying the 
differences between, for instance, the response of the central metabolism and more 
condition dependent modules to certain perturbations in the experimental design can teach 
us more about this hierarchical distinction. 

The intriguing global functional module found in Chapter 6 (Chapter 6, Figure 5) 
which consists for a large part of unidentified metabolites illustrates an important problem 
within metabolomics: the identification of unknown metabolites. In mass spectrometry, 
unknown compounds often remain unidentified due to the absence of reference 
compounds. It would therefore be useful for biologists and analytical chemists to try to 
relate the masses and hence possible chemical structures of the unidentified compounds to 
the behavior displayed by these unidentified compounds under the measured experimental 
conditions. The behavior of these unidentified compounds could reduce the number of 
possible chemical structures and provide additional information regarding their possible 
identity. 

4.2 Integration of information from other sources 
The application of the data analysis methods discussed in Chapter 4 can be extended 

to combine biologically relevant information obtained on different levels, such as, 
transcriptomics, proteomics and metabolomics, in the cellular organization in a broad top 
down systems biology fashion. Depending on the biological question, it is possible to 
emphasize the synergy, or to search for distinctive behavior between the different 
biochemical layers.  
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4.2.1 Potential data sources 
The data that can be combined and utilized in a data analysis strategy does not have to 

be restricted to -omics measurements; other data sources can also be integrated. For 
instance, process parameters like nutrient consumption rates, pH control data, or biomass 
formation rates can be a valuable data source for the data analysis. They can help explain the 
behavior of the measured biomolecules. Also “soft” data like technicians observations, i.e. 
foam production or color changes, could be utilized to help extract information relevant to 
the biological question from the data. In addition, the data can be qualitative, e.g. color of 
the culture, and does not have to be limited to quantitative data.  

For two data blocks, we briefly discussed weighting options, such as, every variable 
equally important, or each data block equally important (for P. putida metabolome and 
nucleotides; for E. coli metabolome and phenylalanine pathway) (Chapter 4). These 
weighting schemes can be extended to different weighting schemes for different data blocks 
depending on the nature of the data blocks, e.g. the reliability of the measurements in the 
different data blocks. Also subjective criteria, such as, the confidence researchers have in the 
different data blocks, could be applied as a weighting factor. 

The examples of data sources discussed above are all directly linked to the conducted 
experiments and therefore share the experimental mode of the data. However, the data 
analysis could also benefit from information unrelated to the specific experiments, but 
related to, for example, literature knowledge regarding regulation mechanisms of 
metabolites/proteins/genes. An example of linking this type of information to gene 
expression is the use of DNA sequence information for the prediction of gene expression 
[2]. Specifically for metabolomics, linking the knowledge obtained from genome wide 
bottom up systems biology analyses (e.g. [3,4]) to metabolomics analysis could be very 
useful, for instance, in an experiment in which metabolomics samples are taken in short 
time intervals analogously to traditional flux analyses. 

4.2.2 Challenges for data integration 
It is not straightforward to utilize and balance the different sources of probably 

heterogeneous data mentioned in the previous section in a data analysis method. There are 
different strategies to utilize the additional data and these strategies depend on various 
factors: (i) the type and nature of data offered; (ii) the type and nature of the data with 
which the offered data should be combined; (iii) the biological question, et cetera. The 
examples provided below will therefore be limited to general ideas. For instance, the 
additional data could provide better estimates of starting positions for methods like two-
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mode clustering (Chapter 5). In this way, the influence of the added information is fairly 
mild as the starting position of the algorithm does not give guarantees regarding the end 
solution. An example of this could be to use transcription factor binding site information as 
a starting point for the two-mode clustering of gene expression data. In another analysis, the 
additional data could be fused with the measured data and be fully part of the data analysis 
(e.g. merging process data with metabolomics data in a CPCA setting), or the information 
could be used to compare behavior between different measurements (e.g. metabolomics 
data with simulation results from metabolic models in a CCA setting). 

4.3 The performance of multivariate data analysis methods in 
systems biology 

Combining different data sources can result in new biological knowledge. However, 
especially in the case of linking different types of –omics data sets, the reliable estimation of 
model parameters (i.e. PCA loadings) becomes more difficult due to addition of many extra 
biomolecules. Due to the additional biomolecules, it becomes increasingly more difficult to 
determine the specific contribution of one biomolecule to the data analysis model 
(collinearity). Since it is still not clear how severe this problem is, and how many 
experiments are required to be able to make reliable estimates of model parameters (see also 
Chapter 1), studying the performance of multivariate data analysis tools in –omics data 
analysis is still an important topic. An analysis of this problem could benefit from the 
different databases containing microarray expression data from many different 
experimental conditions and many different organisms. These micro-array databases could 
form a basis for studies of the dependence of the performance of data analysis methods on 
the number of samples. The micro-arrays selected for such a study should be of decent 
quality, e.g. with regard to reproducibility, and there should be some coherence in the 
experimental conditions of which samples were taken for the micro-array measurements.  

5 Conclusion 
This thesis discussed essential aspects of top down systems biology and focused on the 

relation between biological question and data analysis strategy. This thesis clearly 
demonstrates the interdependence of a biological question and a data analysis strategy. 
Depending on the articulation of the biological question, different choices within the data 
analysis strategy were made. For instance in Chapter 4 focusing on major trends or strongest 
correlation of a group of metabolites between its surrounding network determined the 
choice between CPCA and CCA; and in Chapter 6 different data analysis strategies were 
developed for the identification of global and local functional modules.  
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The interdependence of the different factors of the top down systems biology research 
triangle (Chapter 1) underlines the multidisciplinary nature of top down systems biology. To 
be able to make the best choices for a particular top down systems biology study, the 
collaboration of experts in biology, data analysis, and – depending on the studied biological 
level (transcriptome, proteome, or metabolome) – analytical chemistry is required. These 
multidisciplinary areas are, in my opinion, the most exiting areas as there are possibilities to 
generate synergy between the constituent fields. It seems that especially data integration 
offers these possibilities, and therefore I hope to be able to contribute to this area in further 
studies. 
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