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Chapter 6

Conclusion and outlook

6.1 Conclusion

This project has investigated the possibilities to extract network proper-
ties from time-resolved metabolite concentration data.
A study of the feasibility of reverse engineering of metabolic networks
from time-resolved metabolomics data (Chapter 2) has shown that it
is very difficult to estimate the structure of a metabolic network if the
time constants in the network have different orders of magnitude. This
means that if there are both fast and slow reactions in the network, the
estimated connections are not reliable. Furthermore, the sampling fre-
quencies required by network inference methods are not consistent with
current measurement techniques. Also the noise levels in the data are
too high for a good performance of network inference methods.
Chapter 3 focused on finding changes in pathways under different con-
ditions. The feasibility of using Goeman’s global test, originally de-
signed for gene-expression analysis, in metabolomics was studied. The
results showed that Goeman’s global test is suitable to detect metabolic
pathway differences between conditions. Goeman’s global test is able
to detect very small changes between conditions. This is advantageous
when all metabolites in a pathway have subtle changes that can not be
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detected by testing single metabolites. The property of detecting very
small changes can be disadvantageous when only a single metabolite in
a pathway changes, because it can also lead to a significant result in this
case.
Chapter 4 addressed correlation analysis in time-resolved metabolomics
data under different conditions. From the results it can be concluded
that correlations in time-resolved data can be used to detect differences
in the distribution of reaction rates between conditions. When combi-
ning the results of the correlation analysis with network topology and
directionality, a list of possible scenarios for regulation or redirection of
reactions can be extracted. However, more information about the path-
way is needed to select the correct regulation scenario from the list.
A final study (chapter 5) focused on integration of time-resolved me-
tabolomics data with dynamic flux balance analysis (DFBA). DFBA
combined with time-resolved metabolomics data can be applied to test
hypotheses about how an organism optimally adapts to a perturbation.
Given an objective function, which represents the biological goal of an
organism under a certain condition, the new DFBA method presented
in chapter 5 can also be applied to estimate reaction rate profiles.
The results of a case study on hypothesis testing showed that a small
solution space could not be obtained by optimizing the yield or uptake
of a single compound. At least two objectives or an objective that is a
function of all reaction rates were needed.
From all the points mentioned above, it can be concluded that time-
resolved metabolic data provides a wealth of information about metabo-
lic pathways that can not be derived from steady state studies.

6.2 Challenges for future research

6.2.1 Integrated network models

Metabolomics, transcriptomics, genomics and proteomics are mostly stu-
died separately. In reality, there are interactions between the different
layers of -omics data. Therefore, one of the challenges in systems biology
is to infer integrated networks [200, 92]. This poses several difficulties.
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Data from different platforms and different -omics technologies are very
heterogeneous in terms of noise levels, linearity of the response and time
scales [186]. Fast processes like signaling and metabolic reactions take
place on a second or sub second scale, while slow processes like regula-
tion and growth happen in minutes or hours [200].
Metrics based on mutual information can be used for heterogeneous data
[93]. However, they are meant for static network analysis and do not ac-
count for dynamics. A challenge is to develop an association measure
or metric that can take into account the huge differences in time-scale
among different -omics levels [92]. Such a metric can then be used to
calculate associations between time series of different -omics data and
examine which additional information these associations provide com-
pared to steady state associations (in a similar study as chapter 4).
A second problem is that data are often incomplete, which causes gaps
in the knowledge about the system. Methods have to be developed to fill
these gaps [200]. Currently used methods for missing value imputation
are, among others, replacement by the mean or the median of the rest
of the samples, interpolation and non-linear PCA based methods [186].
Another challenge is the reduction of noise, which has a large impact
on the performance of network inference (see chapter 2), especially on
practical identifiability [196]. Noise can be reduced by measuring more
replicates and taking the average.

6.2.2 Structural identifiability

Even if the data would be complete and noiseless, problems can still
occur that are related to structural identifiability. This can hinder a
complete kinetic description of the system because the parameters can
not uniquely be identified [200]. When the network is not structurally
identifiable, the model has to be reformulated in a way that the param-
eters are uniquely identifiable.

6.2.3 Differential networks

Metabolic network maps, like those in KEGG [82, 84, 83], give an overview
of all metabolites and reactions that have been observed in an organism.
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However, under a given condition, it rarely happens that all nodes and
edges of the KEGG map are active [92]. Comparing the subgraphs of
the network that are active across different conditions or between diffe-
rent time points can reveal information about regulation of the network.
This is the goal of differential network analysis [72].
There are several challenges in studying subgraphs. The availability of
data limits differential network analysis [92]. Because in most cases, not
all metabolites are measured [37], only simplified (lumped) subgraphs
can be inferred. Furthermore, calculating an association measure or test
statistic requires enough biological replicates (e.g. ≥ 10 replicates for
correlations in steady state data)[21]. Moreover, missing data and mea-
surement errors cause uncertainty in the results of inferring subgraphs
[37]. Understanding of the experimental errors in the data is required
to detect and eventually avoid false positives and false negatives [72].
Traditionally, measurement errors are quantified with the relative stan-
dard deviation (RSD). However, the RSD assumes a linear relationship
between the mean and the standard deviation of the peak intensity.
For GC-MS, LC-MS and NMR measurements, the standard deviation
of the peak intensity is constant at low intensities and proportional to
the mean at high intensities [160]. Van Batenburg et al. [206] showed
that a variance model that includes both an additive (background noise)
and a multiplicative parameter (additional source of measurement error
occurring above a certain threshold for the mean peak intensity) is more
appropriate to describe measurement errors in metabolomics data than
the RSD.

6.2.4 Integration of modeling frameworks

Currently, a lot of computational systems biology frameworks exist,
which have all their advantages and drawbacks (see Table 6.1). Re-
cently, a few attempts have been made to combine those frameworks to
overcome some of the drawbacks. Constrained-based models can have a
large solution space, while in kinetic models often not all parameters are
known. It has been shown that (incomplete) kinetic models can be used
to reduce the solution space in constrained-based models [118, 51].
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Another application of model integration is combining physiological mo-
dels with mechanism-based systems biology. Mechanism-based systems
biology models describe only a single compartment and do not address
whole function of an organism. Physiological models do not include net-
work information. By combining mechanism-based systems biology mo-
dels with physiological models, one can overcome the limitations of both
types of models. Combining physiology with mechanism-based models
is challenging, because physiological processes take place on the slow
time scale (minutes or hours), while reactions take place on the fast
time scale (seconds or sub seconds) [200]. An example are SBPKPD
models, which combine systems biology (SB) with pharmacokinetics-
pharmacodynamics (PK-PD) models [195].
As a last example, we discuss the combination of flux balance analysis
(FBA) and 13C metabolic flux analysis (13C MFA). Both approaches
have their limitations. 13C MFA does not take into account other well-
known constraints than stoichiometry. Second, 13CMFA is influenced by
propagation of the errors in the labeling experiments and external flux
measurement [112]. Third, 13C MFA can only estimate fluxes related
to carbon metabolism (because of the 13C labeling) [32]. Drawbacks of
FBA are the dependence on the objective function [112] and that the
optimal solution is often not unique [32]. Combining 13C MFA with
FBA can have several advantages. The 13C MFA solution can be incor-
porated into FBA to determine fluxes not related to carbon metabolism
[33]. Second, the validity of an objective function can be checked by
comparing flux solutions of FBA and 13C MFA [38].
Studying how other combinations of current modeling frameworks can
lead to a better description of the functioning of the cell is a challenge
for future research.
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Table 6.1: Overview of current computational systems biology frame-
works, together with their advantages and drawbacks.

framework advantages drawbacks references
Bayesian networks does not need based on acyclic [57, 80]

detailed knowledge graphs while
about the system biological networks

can contain cycles
ability to handle
uncertainty determination of

initial probability
distribution

Stoichiometric and does not need can lead to a [147, 80]
constrained-based detailed kinetics large solution space
modeling

easy to reconstruct assumes optimality
for large networks of metabolism

Nonlinear ordinary detailed description large number of [80]
differential of a metabolic parameters
equations network
(kinetic models) parameter

estimation
computationally
costly

Stochastic modeling accounts for computationally [168, 177]
cell-to-cell intensive
variability

Boolean networks can be applied describes time as [80]
on qualitative a discrete variable
experimental data

only qualitative
computational information
tractability

Qualitative no stoichiometric or only qualitative [80, 196]
differential rate constants information
equations needed

difficult to apply
to large networks

6.2.5 Software platforms and standards

For integration of different types of data or data from different laborato-
ries, there is a demand for standards and storage formats. There is a need
for a data and model storage format that can be imported in all software
tools. Many current software tools support XML (eXtensible Markup
Language) [196]. For different applications, different XML-compatible
formats have to be developed. Examples are SBML (Systems Biology
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Markup Language) for biochemical networks and models and CellML
(Cellular Markup Language) for mathematical models [93].
Exchange of data and models is hampered by several factors. First,
identical objects (e.g. genes, proteins, metabolites) and relationships
(e.g. reactions) are named with synonyms. There is a need for standar-
dized nomenclature [3]. Second, each discipline uses its own standards
for data exchange. Examples are MIAME for microarrays, MIAPE for
proteomics and MIAMET for metabolomics [155, 3]. Standards for in-
terdisciplinary research have to be developed [155]. The MIBBI project
(Minimal Information for Biological and Biomedical Investigation) at-
tempts to reach this goals by incorporating links to standards in a portal
website, searching for overlaps among different standards and determi-
ning areas where a uniform standard is most needed (e.g. description of
the study design) [198].

6.2.6 Experimental design

The type of experiments needed is dependent on the goal of the study.
Therefore, it is important that biologists and statisticians collaborate to
determine the best experimental design for answering a specific research
question [53]. For answering questions about the functioning of cellular
systems, one has to measure and analyze internal metabolites, while for
studying a whole organism also external metabolites are required [69].
For classification purposes, semi-quantitative data (metabolite finger-
printing) data are sufficient [53]. For supervised analysis, like correlation
analysis and mutual information, it is important that a large number of
replicates is measured [21]. For modeling dynamics and parameter esti-
mation, time-resolved quantitative data are required [13]. For studying a
few metabolites that are affected by perturbations, one needs to perform
targeted analysis. For exploring pathways, metabolite profiling data are
necessary [69, 53].
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