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Chapter 1 

1 Introduction 
Systems biology involves the study of biological systems by approaching them as an 

integrated and interacting network of genes, proteins, metabolites, and biochemical 
reactions. The biological system studied can be, for example, a cell, an organ, or a whole 
organism. By modeling the interacting network, systems biology attempts to identify the 
underlying mechanisms that influence the behavior and functionality of the biological 
system.  

1.1 Systems biology philosophies 
Within systems biology there are different philosophies with regard to the modeling of 

a biological system [1,2]. In bottom up systems biology [1,3], biological systems are modeled 
based on knowledge about, for instance, the genome, metabolic networks [4,5], or reaction 
kinetics [6,7]. Based on the integration of the behavior of the individual components, 
predictions regarding the behavior of the biological system are made.  

Top down systems biology models are developed based on the direct measurements of 
the response of the studied biological system to experimental conditions to which the 
biological system is subjected. Unlike bottom up systems biology, top down systems biology 
does not require mechanistic assumptions regarding the interactions of the studied 
biomolecules. The system wide response on different biological levels (e.g. transcriptomics, 
proteomics, or metabolomics) of the biological system to the applied experimental 
conditions is measured with advanced analytical techniques like, for instance, micro-arrays 
[8] or GC/LCMS [9,10] methods. Changes of the levels of the measured biomolecules in 
response to different experimental conditions are modeled with advanced data analysis 
methods. These data analysis methods search for trends in the behavior of the measured 
biomolecules related to a certain biological question following a ‘guilt by association’ 
approach. An example of a top down systems biology biological question is, for instance: the 
behavior of which biomolecules is associated with high and low biomass yield.  

Furthermore, middle-out systems biology was proposed [2] as a pragmatic approach 
in which depending on available data top down and bottom up systems biology approaches 
are combined to explore the biological system. An example of a method that integrates 
knowledge of pathway topology with the data analysis of transcriptomics data is network 
component analysis [11]. Furthermore, grey component analysis [12] could be suited for 
this purpose. 
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1.2 Advantages of top down systems biology 
Currently, most papers published on systems biology research are based on a bottom 

up systems biology approach. In our opinion, this does not do justice to the advantages of 
top down systems biology. First, the choice for experimental conditions in top down systems 
biology studies are not limited by model assumptions and therefore the experimental 
conditions can be selected to target the biological question as directly as possible. In 
contrast, bottom up systems biology models often require assumptions that limit the 
experimental conditions that can be studied. An example of such an assumption in the case 
of microbial flux balance models is the steady state assumption for the studied biological 
system; this assumption is rarely met for, e.g. batch or fed-batch based industrial 
microbiology processes.  

Second, there is no a priori focus on specific biomolecules that should be related to the 
biological question. This enables the discovery of previously unknown or unexpected 
relations between the behavior of the biomolecules and the biological question. This 
advantage applies as well to genome wide bottom up systems biology models. 

Third, whilst bottom up systems biology requires extensive knowledge of the studied 
organism, top down systems biology does not have this requirement. Hence top down 
systems biology is more generic in nature and can also be applied to relatively poor 
characterized strains, such as, recently discovered micro-organisms, or strains obtained after 
UV-mutagenesis. 

1.3 Top down systems biology challenges  
Top down systems biology studies typically involve the generation and analysis of large 

data sets. Consequently, the success rate of a top down systems biology study is highly 
dependent on the information richness of the data and therefore on the design and 
execution of the study. To successfully extract information relevant to the biological 
question, the experimental –omics data needs to contain information relevant to this 
question. Therefore, experimental conditions have to be carefully selected to induce the 
phenomena of interest and to capture these phenomena in the samples. Furthermore, the 
data analysis should be able (i) to extract information relevant to the biological question 
from the experimental data, and (ii) to statistically validate the extracted information. The 
information obtained in this way is used to address the biological question and to plan the 
next step in the study, e.g. biological validation. 

In a top down systems biology study, the three factors (i) biological question, (ii) 
experimental design, and (iii) data analysis represent three crucial strongly interdependent 
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aspects. In this Chapter, we discuss the importance of these different aspects and their 
mutual dependence as requirements for executing successful top down systems biology 
studies. We will illustrate our discussion using three different microbiological questions 
(Table 1).  

2 Crucial aspects of top down systems biology 
The three different aspects, biological question, experimental design, and data analysis 

together are the corner stones of top down systems biology. The relations between these 

Biological question Experimental design Data analysis method 
Case I   
What are the differences 
at the metabolic level 
between a wild type and 
an overproducing strain? 

Distinguish strain 
specific behavior from 
normal variation within a 
strain by independent 
repeated experiments 
with the wild type and 
the overproducing strain. 

Classification method 
Statistical validation targeted on 
reliability of metabolite 
contributions 

Case II   
Which biomolecules are 
associated with 
bioproduct formation? 

Environmental 
conditions that result in 
an evenly distributed 
range of bioproduct 
yields, titer, or 
productivity. 

Regression model that associates 
the behavior of the biomolecule 
yield with the -omics data. 
Statistical validation based on 
reliability of biomolecule 
contributions. 

Biological level 
(proteome, metabolome) 

Case III   
Which biomolecules are 
regulated by the same 
regulatory mechanisms? 

Select experimental 
conditions that induce 
the regulatory effects of 
interest. 

Select data analysis approach 
based on the behavior expected 
from biomolecules which are 
subjected to the same regulatory 
mechanism. Biological level 

(transcriptome, 
proteome, metabolome) 

Table 1 – Examples of biological questions in relation to experimental design and data analysis 
method considerations. Here, three cases of biological questions with a selection of their specific 
considerations for experimental design and data analysis method are presented.
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aspects are visualized in the top down systems biology research triangle (Figure 1). 
Analogous to systems biology, this research triangle is an interlinked network of which the 
individual factors are difficult to separate.  

2.1 The biological question 

2.1.1 Articulating essential aspects of the biological question 
The biological question is the start and the end of a top down systems biology study. It 

can be very specific: Which biomolecules are related to bioproduct formation (Table I, case 
II)?; or broad: How do regulatory effects manifest themselves in the behavior of 
biomolecules (Table I, case III)?. The original biological question, often stated in generic 
terms, has to be made operational and translated into an experimental design and a data 
analysis strategy. The biological question is made operational by articulating essential 
aspects of the research in the biological question and by preventing implicit assumptions 
about these essential aspects. Often experimental design and data analysis choices follow 
naturally from the articulation of these essential aspects. For instance, in case III (Table I, 
Which biomolecules are regulated by the same regulatory mechanisms?) the biological 
question can be made operational by (i) identifying under which experimental conditions 
the regulatory mechanisms become activated, i.e. by literature searches or screenings 
experiments, and (ii) how these regulatory mechanisms are expected to manifest themselves 
in the behavior of the measured biomolecules. The first will affect the choices for the 
experimental design, and the latter is important for the data analysis strategy. Making the 
biological question operational will facilitate the identification of key aspects for all factors 
of the top down systems biology research triangle. 

Biological question
- Define exact biological question
- Quantifiable phenotype

Experimental design
- Induce and capture variation 
relevant to the biological question 

Data analysis
- Information extraction
- Statistical validation

- Experimental conditions
- -Omics tool
- Sampling

- Uninduced/induced variation
- Sampling

- Biological vs data analyis question
- Expected behavior of biomolecules

Figure 1 – Top down systems biology research triangle. In top down systems biology three 
interlinked factors are crucial: (i) the biological question, (ii) experimental design, and (iii) 
data analysis. 
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2.1.2 Utilization of a quantifiable phenotype 
Often, it is possible to relate the biological question to a quantifiable phenotypic 

parameter. A quantifiable phenotypic parameter aids the selection of experimental 
conditions and helps to focus the data analysis, since variation in the behavior of the 
phenotypic parameter is directly related to the biological question. In case II, the 
quantifiable phenotype is bioproduct yield. Other quantifiable parameters which can be 
valuable are, for example, growth rate, or acid/base consumption for pH control. Also 
qualitative information like strain type, or morphology characteristics can be utilized 
-especially in the data analysis- by classifying this type of information and applying the class 
information in the study. 

2.2 Experimental design 
Top down systems biology is based on the statistical modeling with advanced data 

analysis tools of experimental –omics data. The goal of experimental design is therefore: to 
translate the biological question into an experimental procedure which results in –omics 
data containing information which can be accessed and validated with suited data analysis 
tools. Whereas statistical validation cannot replace biological validation, it is still very 
important to validate the performance of the data analysis methods (see section 2.3.2).  

Experimental design is not limited to designing traditional factorial designs [13-15] in 
which a set of experimental parameters is systematically varied, but it involves a range of 
choices which will be discussed below. 

2.2.1 Experimental conditions 
Determining the experimental conditions relevant for the biological question is based 

on biological knowledge from literature and prior knowledge. Sometimes it is unclear what 
experimental factors, such as nutrients or pH, are important for the induction of variation in 
the behavior of biomolecules relevant for the biological problem. Then, screenings 
experiments can be conducted to obtain more information regarding the importance of 
these experimental parameters. The availability of a quantifiable phenotypic parameter aids 
the selection of the experimental conditions as the experimental conditions should induce 
variation in this parameter.  

2.2.2 -omics tool 
For a top down systems biology study, the biological system can be measured on 

different levels in the cellular organization, e.g. the metabolome, proteome, or 
transcriptome. Selection of an –omics tool is therefore an important design consideration 
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and the choice depends heavily on which biochemical level the biological phenomena 
relevant for the biological question occur, or which biochemical level is studied. In case III, 
the selection of the -omics tool determines the regulatory mechanisms which can be 
identified, such as, transcriptional or allosteric regulation. The biological question for case 
III should therefore specify on what level or levels the relevant regulatory mechanisms 
should be studied.  

2.2.3 Sample collection 
The sampling procedure determines when and how (many) samples for the -omics 

analysis are taken. It should ensure that the biological phenomena relevant to the biological 
question, e.g. the onset of a regulation event, are captured in the collected samples and that 
degradation of the sample is prevented [16,17]. Furthermore, the number of samples 
influences the performance of data analysis methods [18]. Determining a sampling scheme 
for a certain biological question is finding a trade off between four aspects: (i) sample 
collection considerations to capture the relevant biological phenomena; (ii) balance between 
exploring new experimental conditions and firmly establishing a few experimental 
conditions; (iii) the increased performance of data analysis methods for increased number 
of samples; and (iv) the costs. 

2.2.3.1 Capturing the relevant biological phenomena 
Depending on the biological question and the selected –omics tool, it is not necessarily 

straightforward to capture the biological phenomena of interest in the samples. In the 
example of case II, it is beforehand unknown which phases during a batch fermentation 
process contain information related to the bioproduct yield at the end of the process. When 
this is not known from literature or screenings experiments, the sampling protocol should 
cover different growth phases and phase transitions. Here, other practical issues can play a 
role as well. For instance, the sampling volumes can limit the number of samples that can be 
collected, but also sample work up considerations can influence the sample collection.  

2.2.3.2 Exploring new conditions or firmly establishing the most 
important conditions? 

The importance of repeated measurements, or the establishment of the variability of 
the measured biomolecules in response to a certain experimental condition, depends on the 
biological question. For instance, in case I it is essential to distinguish differences in the 
behavior of relevant biomolecules between strains (induced biological variation, Figure 2) 
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from differences which can occur within repeated measurements of the same strain 
(uninduced biological variation, Figure 2). The characteristics of the uninduced variation is 
estimated from biologically independent repeated measurements and more repeated 
measurements increase the reliability of the estimation of the uninduced variation. On the 
other hand, for case II it could be more beneficial to include new experimental conditions 
possibly important for inducing variation in bioproduct formation over firmly establishing 
repeatability of a few variation inducing conditions. Generally speaking, it is good to keep in 
mind that the induced biological variation (Figure 2) is often larger than the uninduced 
biological variation and the technical variation [19]. This is mostly due to the selection of 
experimental conditions which induce variation in the behavior of the relevant 
biomolecules. 

2.2.3.3 Improved performance data analysis methods 
The performance of data analysis methods benefit from increased sample numbers. 

Increased sample numbers improve the reliability of the estimated contributions of the 
analyzed biomolecules to the modeled behavior. In case I, for example, more samples will 
improve the reliability of the estimation of the contributions of the measured metabolites to 
the differences between the wild type and the overproducing strain. While for univariate 
data analysis (i.e. considering the behavior in different samples of each biomolecule without 
taking into account interactions between biomolecules) different articles [20-23] are 

Figure 2 – Different levels of variation present in 
–omics data. The total variation in the behavior 
of a biomolecule in a top down systems biology 
data set is the sum of technical, uninduced 
biological, and induced biological variation. 
Technical variation originates from the technical 
procedure. Uninduced biological variation 
originates from biological variability between 
conditions. It can differ from biomolecule to 
biomolecule (biomolecule A from biomolecule B) 
as well as from condition to condition. Induced 
biological variation is the variation induced by 
the experimental design. Ideally, the induced 
biological variation of a biomolecule is much 
larger than its uninduced biological and technical 
variation. Biom
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published which discuss means to estimate sample sizes; for multivariate data analysis (i.e. 
the analysis of the behavior in samples of biomolecules in relation to the behavior of the 
other measured biomolecules) it is not yet clear how to determine sample size [18]. The 
more the better is currently the best recommendation [18]. 

2.3 Data analysis 
A data analysis strategy is based on (i) the biological question, (ii) properties of the 

data set (e.g. number of experiments/variables, time series, et cetera), and (iii) how 
information relevant to the biological question is expected to manifest itself in the data set. 
Furthermore, statistical validation of the data analysis will provide an indication of the 
significance of the identified effects. There are many data analysis methods available which 
are suited to address different biological questions (Table 1). For instance, for case I, 
classification methods such as partial least squares discriminant analysis (PLS-DA) [24] or 
principal component discriminant analysis (PCDA) [25] can build models based on the 
differences between the wild type and the overproducing strain. The data resulting from the 
experiments for case II can be analyzed with regression methods like PLS [26] or principal 
component regression (PCR) [27] that can relate the behavior of the measured biomolecules 
to the behavior of the phenotype parameter. 

2.3.1 Translation of the biological question into the expected 
behavior of biomolecules 

Different data analysis methods interpret the behavior of the measured biomolecules 
differently. It is therefore important to translate the biological question into the expected 
behavior of the biomolecules as perceived by the data analysis method. When factors like 
the abundance of a biomolecule or the magnitude of the fold change are not important for 
the biological question, it can be necessary to correct for the influence of these factors [19]. 
Data pretreatment methods can be applied to emphasize those aspects of the variation that 
are important for the specific biological question and for the specific properties of the 
selected data analysis method.  

2.3.2 Statistical validation of the data analysis 
An important part of the data analysis is the validation of the data analysis results. By 

validating the results, it can be assessed how well the obtained results compare to chance 
correlations, or if the found model is too optimistic due to overfitting. Overfitting means 
that besides induced biological variation also variation unrelated to the experimental design 
and thus the biological question, is captured in the model. As a result, overfitting reduces 
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the generic applicability of the top down systems biology model and hence should be 
prevented. Frequently applied data analysis validation strategies in top down systems 
biology are cross validation, permutation, jackknife, and bootstrapping [18,28-30]. The 
question what is to be validated determines the validation approach since validating 
contributions of individual biomolecules to a classification model is different from 
validating the classification performance of the same model.  

Statistical validation aids the interpretation of the data analysis results by providing 
indications of the limitations of the results of the applied data analysis tool. In this way, 
statistical validation can guide the selection of biomolecules important for the biological 
question. It cannot, however, replace biological validation of the leads to answering the 
biological question found with a top down systems biology approach. 

3 Conclusions 
Top down systems biology is a potentially suited research approach for many issues in 

biotechnology, such as, finding targets for strain improvement, medium optimization, or 
analyzing regulatory questions (e.g. protease induction [31]). Moreover, it does not require 
extensive knowledge regarding the studied organism; it is flexible with regard to the 
environmental conditions which can be studied (e.g. no steady state assumption); and the 
data analysis gives an open view on possible important biomolecules. 

Top down systems biology studies, however, require large information-rich data sets 
for the modeling of the biological systems and for providing answers to research questions. 
Therefore, it is essential to carefully consider the three corner points of the top down 
systems biology research triangle: biological question, experimental design, data analysis, 
and their interdependence. The impact of choices made within one of the three corner 
points is not limited to the respective corner point itself, but extends to the other points as 
well. 

In our opinion, parts of the top down systems biology research triangle are often 
neglected, which leads to –omics data sets without a clear biological question, or a clear 
underlying experimental design. Consequently, it is very difficult to extract biologically 
relevant information from these data sets and the conducted experiments in turn can be 
considered a loss of effort and resources. The framework of the top down systems biology 
research triangle can help improve the setup of top down systems biology studies and 
improve the success rate of top down systems biology research projects. 

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. 
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