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Metabolomics is one of the key approaches of systems biology that consists of studying biochemical networks
having a set of metabolites, enzymes, reactions and their interactions. As biological networks are very complex
in nature, proper techniques and models need to be chosen for their better understanding and interpretation.
One of the useful strategies in this regard is using path mining strategies and graph-theoretical approaches
that help in building hypothetical models and perform quantitative analysis. Furthermore, they also contribute
to analyzing topological parameters in metabolome networks. Path mining techniques can be based on gram-
mars, keys, patterns and indexing. Moreover, they can also be used for modeling metabolome networks, finding
structural similarities betweenmetabolites, in-silicometabolic engineering, shortest path estimation and for var-
ious graph-based analysis. In this manuscript, we have highlighted some core and applied areas of path-mining
for modeling and analysis of metabolic networks.
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1. Introduction

Systems biology deals with analyzing and modeling biological
networks, visualizing complex pathways, identifying sub-steps of
pathways, measuring gene expression levels, predicting outcome of
various alterations made to the cells, and identifying intracellular
targets for drugs and genetic engineering. One of the most applied
areas of systems biology is metabolomics, dealing with analyzing
metabolic reactions and studying the interactions among them
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(Weckwerth, 2010). Due to the rapid growth in computational tech-
niques, it is now possible to uncover the various vital characteristics
and properties of biological systems, and to explore applications backed
up by understanding their behaviors. Metabolomics also involves the
systematic study of metabolites and reactions in a biological network
by analyzing their response to genetic and physiological modifications
(Wishart, 2010). Furthermore, analyzing the various components of
biological networks can be used in pharmacology and drug designing.
Together with the other omics techniques including transcriptomics,
cytomics, fluxomics, metabolomics also contributes to understanding
the function of metabolic, gene regulatory and signaling pathways as
well as designing and simulating a whole cell using a system-based
approach (Fig. 1). Another important application of metabolomics is
detection of the differences between diseased and healthy metabolic
pathways for precise diagnosis of diseases (Netzer et al., 2012).

Various strategies for metabolomic data acquisition have emerged
for studying the nature, organization and control of metabolic net-
works. Also, several quantitative models, i.e., models based on graph-
theoretical strategies, allow the true representation of complex
biochemical systems. Moreover, strategies based upon graph-
theoretical and path mining measures are regularly used in order to
investigate the structure of biological systems, their dynamics, control
and designing systems for understanding desired properties (Ferro
et al., 2008). In this regard, a very useful technique in analyzing
metabolomic data is by concentrating on the various reaction links
and paths in biological pathways. This is particularly useful in case of
finding structural as well as functional features in a metabolic pathway
along with finding specific nodal points that can act as novel drug
targets. Path mining is the application of graph theory and strategies
based on quantitative models for analyzing datasets. One of the most
important applications of path mining is in the area of systems biology,
wheremany graph-based analyses are being done for studying complex
biological networks (Van Helden et al., 2002).

One of the fundamental path mining strategies for analyzing
complex metabolic networks is by segmenting these into simpler
components. Moreover, each component can then be analyzed by

studying them in the form of paths and their interconnections
(Tan et al., 2002). For example, a path in a biochemical reaction can be
the flow of information from one substrate to another (Fig. 2a), i.e.,
information flowing from reactants (X, Y) to product (Z) in the form of
functional and structural details of the product formed. Similarly, a
path in a biochemical moiety can be the interconnections among
various elements and/or atoms present in them (Fig. 2b), i.e., the path
in this case can be C\C\C\C\C\C. Extraction of frequently occurring
patterns in public repositories, transaction and time-series repositories
are the most popular areas in path mining. For instance, frequent-
pattern-based path mining can be used in mining associations, correla-
tions, sequential patterns, multi-dimensional patterns, partial periodic-
ity and emergingpatterns, to namea few (Inokuchi et al., 2003). In some
instances, these path-based approaches can also use generic mining
tools to extract implicit rules governing the path of tasks followed
during the execution of a process. This realization of a process can be
carried out by executing a subset of tasks. Furthermore, path mining
fundamentally refers to identifying the subset of tasks that are triggered
during the realization of a process (Rosemann and Zur Muehlen, 2000).
An important extension of path mining is ‘process mining’, i.e., using
concurrent processes to find sequential structures (Fig. 3). For instance,
a process mining task may involve searching for a specific pattern
(e.g. C\C\C) in biological repository. The repository may have a large
set of molecules having a large number of patterns like, C\C, C_C,
C_C\C\C, C`C, to name a few. For detecting such patterns, one
needs to use certain conditions or parameters as essential arguments.
In the given example, these parameters or arguments can be the length
of the pattern (i.e., at least 3), elements of the pattern (i.e., C and\) and
occurrence of elements in the pattern (i.e., C followed by\ followed by
C followed by \ followed by C). These arguments are essential for
restricting the search to limited domains. Process mining techniques
try to extract non-trivial and useful information from unformatted
and experimental datasets. An important element of process mining is
‘control-flow discovery’, i.e., automatically constructing a process
model that discusses the causal dependencies among various on-going
processes (Weijters et al., 2003).

Another application of path mining is ‘sequential pattern mining
(SPM)’, amethod of determining the relationships between occurrences
of sequential events, to find if there exists any specific order of the
occurrences (Ayres et al., 2002). One of the earliest and possibly the
simplest algorithms developed for SPM is AprioriAll that finds single
frequently occurring items in the dataset and then attempts to find se-
quences of them. For instance, if a patient's reports with information re-
lated to their metabolome analysis (i.e. pathway based studies) is taken
as sequence or input from a repository, patterns within that input are
not identified, but the sequence is detected as a candidate.
Furthermore, if this sequence is frequent across all patients, only then
is it identified as a pattern (Fig. 4). For example, in Fig. 4 pathway-related
patient information is fed as input. The aim is to identify a sequence that
is frequent in all the 5 pathways. If this sequence is present, then the

Fig. 1. The metabolomics domain.

Fig. 2. Path mining: (a) in a reaction (b) in a molecule.

Fig. 3. Process mining: using concurrent processes to find sequential structures.
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