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Abstract—This paper describes an automated technique to predict integrated pathways and refine existing metabolic pathways using

the information of automatically derived, functionally similar gene-groups and orthologs (functionally equivalent genes) derived by the

comparison of complete microbial genomes archived in GenBank. The described method integrates automatically derived orthologous

and homologous gene-groups (http://www.mcs.kent.edu/~arvind/orthos.html) with the biochemical pathway template available at the

KEGG database (http://www.genome.ad.jp), the enzyme information derived from the SwissProt enzyme database (http://

expasys.hcuge.ch/), and the Ligand database (http://www.genome.ad.jp). The technique refines existing pathways (based upon the

network of reactions of enzymes) by associating corresponding nonenzymatic and regulatory proteins to enzymes and operons and by

identifying substituting homologs. The technique is suitable for building and refining integrated pathways using evolutionary diverse

organisms. A methodology and the corresponding algorithm are presented. The technique is illustrated by comparing the genomes of

E. coli and B. subtilis with M. tuberculosis. The findings about integrated pathways are briefly discussed.

Index Terms—Automation, bacteria, drug-discovery, enzymes, gene-groups, homologs, metabolic pathway, microbes, operons,

orthologs, pathogenicity, pathway.
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1 INTRODUCTION

UNDERSTANDING microbial machinery has important
advantages in bioremediation, management of envir-

onmental waste, efficient utilization and generation of
energy, and development of more effective antibiotics
based upon the regulation of metabolic pathways. Cur-
rently, 48 microbial genomes (including many pathogens)
have been sequenced and archived, with more than
182 underway. Important aspects of understanding micro-
bial structure and function relationships from DNA
sequence data are 1) to derive the metabolic pathways
(the network of enzymatic reactions), 2) to understand the
regulation of these pathways, and 3) to determine the effect
of gene expression on interconnected biochemical reactions.
By blocking a part of a metabolic pathway or by regulating
its gene-expression, the production of a specific biochemical
product can be controlled. The analysis of pathway
regulation will help us to understand the dynamic behavior
of biochemical metabolism and to study the rate of change
of specific biochemical products. Furthermore, the study of
the dynamic cellular behaviors dictated by metabolic
pathways will facilitate the development of more effective
antibacterial drugs with few side effects [19]. However, in
order to understand the metabolic mechanisms, distinct
biochemical pathways need to be mapped accurately.

Previous techniques to derive metabolic pathways [6],

[11], [13], [17], [18], [20] are based upon identifying

enzymes in newly sequenced genomes and building a

network of enzyme reactions by matching the output of

one biochemical reaction with the input of another

biochemical reaction. In order to identify the enzymes,

two techniques have been used:

1. Newly sequenced genomes are compared against a
curated protein database such as SwissProt [2] or
Ligand [1] to identify the similar enzymes and their
corresponding reactions [6].

2. Newly sequenced genomes are compared against
evolutionary close genomes to identify the function-
ally equivalent enzymes and groups of neighboring
genes [20].

Both the schemes have advantages and limitations:

1. The first scheme benefits from a well-curated
database (including enzymes other than completed
genomes) to identify enzymes. However, the
scheme is limited by the fact that it does not take
into account the information relating genes being
coregulated with a cluster of neighboring genes in
the same pathway.

2. The second scheme takes advantage of coregulation
of genes clustered together in gene-groups. The
advantage of this scheme over the first scheme is
that it can also identify, in a restricted sense, some of
the regulatory proteins associated with metabolic
pathways. However, it is very restrictive because it
uses wavelets of gene-groups of adjacent ordered
orthologous enzymes (cluster of adjacently occurring
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enzymes with best similarity) and it uses the
comparison of only evolutionary close genomes,
assuming all the gene-groups in the same metabolic
pathway should be clustered closely. The use of
orthologous gene-groups is quite restricted since
enzymes have multiple domains and a coregulated
enzyme in a gene-group (having a subset of domains
necessary to catalyze the reaction needed in a
pathway) will substitute for the putative ortholo-
gous (functionally equivalent) enzyme.

In this paper, we relax the above restrictions and use
automatically derived gene-groups from a spectrum of
genomes to build integrated pathways. We take full
advantage of both orthologous (having the same function)
and homologous (having similar function) gene-groups.
Since the genes in gene-groups have a natural pressure to
occur together, it is highly probable that these genes are
regulated or expressed together. The use of orthologous and
homologous gene-groups is a rich source for identifying
similar metabolic pathways as these gene-groups consist of
operons (a group of genes involved in a common function
within the same metabolic pathway module) and coregu-
lated genes possibly sharing the same control region. This
paper also builds upon previous results that evolutionary
diverse genomes share a large number of homologous and
orthologous gene-groups [4], where the number of gene-
groups is also a function of number of genes in each
respective genome. This finding has significant impact since
a newly sequenced genome can be compared with a large
number of genomes to identify almost all its gene-groups.
Since our paper uses the network of enzymes developed in
Scheme 1, we integrate the advantages of both Schemes 1
and 2, in addition to the advantages gained by relaxing the
conditions described above.

We illustrate our techniques using genome comparison
of Escherichia coli and Bacillus subtilis (two genomes
extensively investigated in wet laboratories) with Mycobac-
terium tuberculosis. The results presented in this paper show
that orthologous gene-groups and a large class of homo-
logous gene-groups obtained from pair-wise genome
comparisons map to local sections of metabolic pathways.
These local sections of a metabolic pathway become the
seed points to trace the metabolic pathway for newly
sequenced genomes and these seed points can be explored
by the wet-lab scientists to identify new metabolic path-
ways, especially for classes of organisms living in extreme
environmental conditions that have less similarity with
previously explored classes of bacteria.

The major contributions of this paper are:

1. It establishes that all the genes of a homologous
gene-group belong to the local connected sections of
the same metabolic pathway in a genome.

2. Current techniques to reconstruct metabolic path-
ways have been refined and extended by using a
comprehensive set of genomes to identify gene-
groups using pair-wise genome comparisons.

3. The current metabolic pathways derived by ortholog
analysis (as best homolog) and biochemical reactions
have been curated using coregulated homologs since a

coregulated enzyme having the necessary domain for
catalyzing a reaction substitutes the best homolog.

4. Nonenzymatic genes embedded inside a group of
enzymes have been identified. These genes may be
involved in the regulation of the gene-group or may
be affected in some way by the reactions in the gene-
group.

The database of pathway traces and their classification
resulting from this research will help the wet lab scientists
to identify unannotated enzymes in genomes, by looking
for missing enzymes [9] in a pathway trace. Another
advantage is that the association of gene-groups with
metabolic pathway modules will improve the efficiency of
the metabolic pathway deduction.

The paper is organized as follows: Section 2 describes the
background, corresponding gene-groups [3], [4], and en-
zymes and metabolic pathways [2], [11], [18]. Section 3
describes briefly the techniques to derive orthologs and
homologous gene-groups [3], [4]. Section 4 describes a
technique and algorithms to reconstruct the metabolic
pathways integrating homologous gene-groups, chemical
reactions of enzymes (as given in the Ligand and SwissProt
databases), and the standard template of the metabolic
pathway available at the KEGG site. Section 5 describes the
results to substantiate the hypothesis (using well-explored
genomes in wet labs) that the orthologous and homologous
gene-groups mark a large subset of the local sections in a
metabolic pathway and can derive unique pathways of M.
tuberculosis. The last section concludes the paper.

2 BACKGROUND AND DEFINITIONS

In this section, we describe background concepts related to
genome comparison, orthologs, different classes of gene-
groups, enzymes, metabolic pathways, and new definitions
related to the automated deduction of metabolic pathways.

2.1 Modeling Genomes and Pair-Wise Genome
Comparisons

A genome is modeled as an ordered set of genes. A pair-
wise genome comparison is performed by matching the
sequences of the corresponding proteins. There may be
more than one different subsequence in a protein which is
homologous to subsequences of the corresponding proteins
in another genome. These subsequences include one or
more protein domains.

An ortholog is a functional counterpart of a gene in
another genome that has arisen from speciation [10]. This
paper uses a definition based upon sequence similarity due
to the inherent uncertainty in phylogeny resulting from a
lateral transfer of genes [3], [4], [12], gene insertions and
deletions, gene fusion and splitting [3], and a difference in
the evolutionary trees based upon various criteria. A
putative ortholog is defined as a gene in the second genome
such that the corresponding protein has either a unique
matching or the best similarity score (above a threshold),
with the corresponding protein of a gene in first genome.

A gene-group is a cluster of neighboring genes (not
necessarily adjacent) with at least two distinct genes that
have a natural pressure to occur in close proximity. A
corresponding gene-group in the second genome is identified
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by marking the neighboring protein sequences which are
homologous to neighboring protein sequences of the first
genome. A gene-group is ordered if the homologous genes
within two corresponding gene-groups occur in the same
order. The study of ordered gene-groups is important as it
identifies more restricted regulation mechanisms within the
cluster of genes in the gene-groups. A duplicated gene group
in a genome has more than one corresponding disjointed
gene groups in the other genome. The presence of
duplicated gene-groups may provide fault tolerance to
survive extreme environmental conditions. A duplicated
gene contains a gene-fragment that has at least two
homologous gene-fragments in the other genome such that
both fragments are in close proximity (see Fig. 1). The
biochemical rationale for this definition of duplicated genes
is that duplicated genes may be coregulated or may be
involved in the same pathway. Gene duplication may
provide fault tolerance against inactivation of one of the
genes due to mutation, may be responsible for extra gene-
expression, or may provide minor functional variation.

Orthologous gene-groups are comprised of only ortholo-
gous genes. The study of orthologous gene-groups is
important to annotate the function of gene-groups in
genomes and to identify operons (a common functional
unit in a pathway involved in a composite reaction or set of
coregulated genes).

2.2 Enzymes and Pathways

An enzyme is a protein catalyzing a biochemical reaction. A
metabolic pathway is a network of reactions catalyzed by
enzymes to transform (break up or synthesize) proteins and
other biochemical products. A metabolic pathway is
modeled as a directed graph with biochemical products as
the nodes and the enzymes as the edges. A metabolic
pathway is comprised of enzymes as well as regulatory
genes interacting with the corresponding local sections of
the pathway.

Complete metabolic pathways have been partitioned
into multiple modules in the KEGG database (http://
www.genome.ad.jp). Some examples of these modules are
amino acid biosynthesis, glycolysis, purine and pyrimi-
dine metabolism, folate metabolism, fatty acid biosynth-
esis, biosynthesis of lipids, the citrate cycle, the CO2

fixation cycle, and the urea cycle [6], [13], [18].
A reaction-graph models a network of enzyme reactions

within a pathway such that enzyme reactions are modeled

as directed edges, the substrate (catalyzed by the enzyme
reaction) is modeled as a source node, and the product is
modeled as a sink node.

A pathway seed is a gene-group (identified using pair-
wise genome comparison) consisting of at least two
enzymes modeling a chain (or coregulated/cotranscribed
group) of enzyme reactions in the same pathway or adjacent
pathway modules. A pathway seed will be modeled as a set
of enzymes.

A pathway trace is a set of proteins in a pathway module
such that the corresponding enzyme reaction-graph is
included within a metabolic pathway module. A pathway
trace contains at least one pathway seed. For example,
enzymes (EC 4.1.3.8, EC 1.1.1.86, EC 4.2.1.9, EC 2.6.1.42) in
the metabolic pathway module (see the KEGG database)
“valine, leucine, and isoleucine biosynthesis” form a path-
way trace.

3 DERIVING ORTHOLOGS AND GENE-GROUPS

This section briefly describes an algorithm used to identify
orthologs, homologous and orthologous gene-groups [3],
[4]. The algorithm uses a pair-wise comparison of genomes.
To illustrate the examples, we have denoted genes as IM
(I > 1 and M > 1), where the superscript “I” denotes the
genome number and the subscript “M” denotes a generic
position of a gene within the genome.

3.1 Identifying Orthologs

Orthologs are identified as the best matching genes in two
genomes using pair-wise genome comparison. To identify
the best homologs, each genome is modeled as an ordered
set of genes and the pair-wise comparison is modeled as a
weighted bipartite-graph matching problem [3], [4] where
edges show the similarity score between the amino acid
sequences of the corresponding genes. The weights of the
edges are identified using the Smith-Waterman algorithm
[22]. In order to improve the execution efficiency, dissimilar
gene-pairs are pruned based on BLAST similarity techni-
ques [1].

After identifying the weights of the edges, the edges are
sorted in descending order of the weights. The set of nodes
corresponding to the highest weighted edges (best homo-
logs) are collected as putative orthologs. After finding an
edge (1

I , 2
J ) of the highest weight, all the edges involving

the nodes 1
I and 2

J are deleted. The process is continued
until there are no more edges. The edges starting or ending
in genes inside a gene group are biased positively since
genes within a gene group are better candidates for
preserving a common function within a pathway. Two
edges with close weights, if two weights are above a
threshold, suggest multiple orthologs or gene-fusion. A
detailed algorithm is given in [3].

3.2 Identifying Gene Groups

A set of neighboring genes S0 for a gene (in Genome1) that
has a corresponding homolog in Genome2 is marked. Then,
a set S1 (in Genome2) of homologs for S0 is marked. Then,
the set S2—a union of all sets of homologs of S1—in
Genome2 is marked. The presence of two or more common
elements in the sets S0 and S2 marks the start of a
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homologous gene-group. After marking the start of homo-

logous gene-groups, Genome1 is traversed one node at a

time, checking for the presence of an edge in close

proximity of the last homologous gene in Genome2. The

method identifies gene groups of any variable size. A

detailed algorithm is available in [3].

Example 1. A schematic is given in Fig. 2. We consider the

proximity for the neighborhood as 1. The current gene

being scanned is gene 1
5 . The genes 2

3 and 2
9 are

homologs of the gene 1
5 . The corresponding neighboring

set of genes S0 is f1
5 ; 

1
6 ; 

1
7g. The set of corresponding

homologs S1 in Genome2 is f2
3 ; 

2
4 ; 

2
5 ; 

2
9g. The set of

homologs S2 in Genome1 corresponding to genes in the

set S1 is f1
5 ; 

1
6 ; 

1
7 ; 

1
12g. The set of genes f1

5 ; 
1
6 ; 

1
7g is

common to both S0 and S2. Since the size of the common

set is 3, the gene 1
5 becomes the starting point to derive a

gene-group. Genome1 is scanned from the gene 1
5 while

marking the corresponding neighboring homologs in the

Genome2 and collecting the bag of genes in Genome1 until

no homolog is found in the neighborhood in Genome2. In

this particular case, the gene 1
5 is a homolog of the gene

2
3 , the gene 1

6 is a homolog of the gene 2
4 , the gene 1

7 is

a homolog of the gene 2
5 , and the gene 1

8 is a homolog of

the 2
6 . The gene-group derived is f1

5 ; 
1
6 ; 

1
7 ; 

1
8g.

4 IDENTIFYING PATHWAY TRACES

USING GENE-GROUPS

In this section, we describe a technique and abstract

algorithms to identify pathway traces and illustrate the

abstract algorithms using examples from M. tuberculosis.

Algorithms have been described abstractly for the sake of

wide readership. Section 4.1 describes a technique, an

abstract algorithm, and an illustration to merge adjacent

seeds to identify basic pathway traces. Section 4.2 describes

a technique and an abstract algorithm to merge pathway-

traces identified by single pair-wise genome comparisons

and pathway-traces identified by multiple pair-wise gen-

ome comparisons.
Genomes were extracted from the “Genbank” using the

.gbk file format. The gene-groups and orthologs were

obtained from pair-wise comparisons of genomes using

Goldie 4.0 (a software library for automated comparison of

genomes) [4]. The genome of E. coli was compared with the

genome of B. subtilis, the genome of M. tuberculosis was

compared with the genome of E. coli, and the genome of M.

tuberculosis was compared with the genome of B. subtilis.

4.1 Pathway Traces from One Genome-Pair

To identify pathway traces, all the gene-groups identified by
the genome-pair comparisons were identified. These gene-
groups were sorted in the order of ordered orthologous gene-
groups, ordered homologous gene-groups, unordered orthologous
gene-groups, unordered homologous gene-groups, gene-groups
having multiple duplicated domains, duplicated gene-groups, and
gene-groups with fused domains. The rationale for this order is
that orthologous gene-group correspondences are function-
ally equivalent and more constrained units and represent
strong candidates for operons. Unordered orthologous and
homologous groups have putative coregulated domains.
Gene-groups with multiple duplicated domains and dupli-
cated gene-groups may vary in the gene-expression due to
domain duplication, and may vary in function due to
insertion or deletion of one or more genes.

From this set of gene-groups, each gene-group is
identified as a seed point iteratively and the corresponding
pathway traces are identified. To identify a pathway trace,
the neighborhood of the seed point is determined by
extending the indices of the two ends of a seed by a user-
defined size (in this case 1). If any gene-group resides in the
neighborhood and is within the same or adjacent module,
then it is merged with the current group and all the
embedded genes are included in this larger gene-group.
The biochemical rationale for this type of merging results
from the instances of insertion and deletion of genes
observed in metabolic pathways. Thus, a larger group may
appear to split in two groups. This process of merging gene-
groups is repeated until there are no more gene-groups in
the neighborhood. All the seeds that have been included in
the larger group are removed from the set of seeds and the
larger seed is inserted in the set of seeds for further
processing. The process is repeated until the set of gene-
groups is empty. The final set of extended seeds is associated
with the corresponding pathway module and this set of
pairs of the form (module-name, pathway-trace) is passed on to
the next stage (see Section 4.2) where pathway traces (within
same or adjacent modules) from single pair-wise genome
comparisons and multiple genome comparisons are merged
together. Some pathway traces occur in two or more adjacent
modules since these adjacent modules can be connected
through a network of reactions. In such cases, the pathway
trace is listed under all the adjacent modules. The overall
schematic to identify pathway traces is explained by Fig. 3
and an algorithm is described in Fig. 4.
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Example 2. In Fig. 3, the gene-group ð2
1 ; 

2
2Þ and gene-

group ð2
7 ; 

2
8Þ in Genome2 form a neighboring cluster of

gene-groups fð1
2 ; 

1
3Þ; ð1

6 ; 
1
7Þg in Genome1. The set of

genes f1
4 ; 

1
5g embedded in this cluster and neighboring

genes ð1
1 ; 

1
8Þ at the end of the cluster are also included.

This identifies the cluster ð1
1 ; 

1
2 ; 

1
3 ; 

1
4 ; 

1
5 ; 

1
6 ; 

1
7 ; 

1
8Þ in

Genome1 as a pathway trace.

4.2 Merging Pathway Traces

For a genome, the sets of pathway traces are computed

using genome comparisons with other completed genomes.

Once all the pathway traces are identified, our computa-

tional experiment demonstrates that the pathway traces

making up a pathway submodule are scattered on different

parts of the genomes. In addition, the traces, identified from

different genome comparisons, may vary. Consolidation of

all the traces in a module will give a smaller set of merged

yet larger pathway traces. There are two types of merging,

as follows:
Rule 1. Pathway traces containing one common node are

merged. In biochemical terms, a product in one pathway

trace is consumed in the second pathway trace or the

product may be produced by two different reactions or a

substrate may be consumed by two different reactions. This

type of merging is common in single genome-pair compar-

isons when two different pathway traces are obtained from

two different seed points occurring at different positions in

the genome. For example, in the bottom illustration of Fig. 5,

the set of substrates in the first pathway trace is fn1; n2g, the

set of products in the first pathway trace is fn2; n3g. The set

of substrates in the second pathway trace is fn2g and the set

of products in the second pathway trace is fn4g. Since n2 is

shared between the two pathway traces, the two pathway
traces are merged.

Rule 2. Pathway traces containing one common edge are
merged together. A common edge suggests the same
reaction involving the same substrate and the same product
catalyzed by the same enzyme. The biochemical rationale is
that pathway traces obtained from different genome-pair
comparisons vary due to missing genes in different
genomes. This difference leads to pathway variations, and
only a joint picture obtained from multiple genome
comparisons can give a better approximation of the
complete pathway of the genome being investigated. For
example, In the top illustration of Fig. 5, the first pathway
trace he1; e2i merges with the second pathway trace he2; e3i
to give a merged pathway trace he1; e2; e3i.

To merge pathway traces, the set of pathway traces
derived by the algorithm described in Section 4.1 is sorted
and grouped by the same module name. Within each
module, the set of pathway traces is sorted in descending
order of the number of enzymes contained in the pathway
traces. The rationale is that larger pathway traces are likely
to merge with a larger number of other pathway traces.
Pathway modules are processed one at a time. The largest
pathway trace in a given module is removed from this
sorted set and processed. Those pathway traces which share
an enzyme (or share a compound being consumed or
produced) with the current pathway trace are merged with
the current pathway trace, the merged pathway traces are
removed from the sorted set of pathway traces, and the
resulting merged pathway trace is inserted again in the set
of the sorted set of pathway traces. In the absence of any
pathway trace that could be merged with the current
pathway trace, the current pathway trace is added to the set
of final pathway traces. The process is repeated until no
more pathway traces are left in the sorted set of pathway
traces. This process is repeated for every module that
contains a pathway trace. An abstract algorithm is given in
Fig. 6. The comments are preceded by the symbol “%.”

Example 3. This example illustrates the algorithms given in
Figs. 4 and 6 using “purine metabolism pathway” in M.
tuberculosis genome. The seeds derived by the compar-
isons of M. tuberculosis and E. coli are given in Table 3
and the seeds derived by the comparison of M.
tuberculosis and B. subtilis are given in Table 4.

Step 1: Identifying Seeds. The algorithms to identify
orthologs and corresponding gene-groups [3], [4] derive
the pathway seeds for M. tuberculosis using comparisons
with E. coli and B. subtilis as shown in Tables 3 and 4. The
corresponding set of seeds for “purine metabolism”
derived from the comparison with E. coli genome is
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{(rpoB:2.7.7.6, rpoC:2.7.7.6), (gmk: 2.7.4.8, dfp) (purE:4.1.1.21,
purK:4.1.1.21) (recR, Rv3716c, dnaZX:2.7.7.7)}, and the
corresponding set of seeds derived from the comparison
with B. subtilis genome is {(rpoB:2.7.7.6, rpoC:2.7.7.6),
(purB:4.3.2.2, purC:6.3.2.6, purQ:6.3.5.3), (purL:6.3.5.3,
purF:2.4.2.14, purM:6.3.3.1), (purN:2.1.2.2, purH:2.1.2.3),
(gmk:2.7.4.8, Rv1390:, dfp, priA), (ureA:3.5.1.5, ureB:3.5.1.5,
ureC:3.5.1.5), (Rv3273, purE: 4.1.1.21,purK: 4.1.1.21), (hpT:
2.4.2.8, yacA), (recR, Rv3716c, dnaZX:2.7.7.7), (relA: 2.7.6.5,
apt: 2.4.2.7, secF, secD, ruvB, ruvA, Rv2603c)}.

Step 2: Extending Pathway Seeds to Derive Pathway
Traces. This step uses the algorithm as described in Fig. 4.
Neither the seeds derived using the comparison with E.
coli genome nor the seeds derived using the comparison
with B. subtilis genome can be merged by simple seed
extension. Each seed is associated with the correspond-
ing module name in E. coli or B. subtilis (using KEGG
database) and passed to Step 3.

Step 3: Merging Pathway Traces within the Same
Genome. An analysis from the KEGG database shows

that none of the seeds generated using the E. coli genome
can be merged together using Rule 1. An analysis of the
pathway traces of B. subtilis (see KEGG database)
demonstrates that the seeds (gmk:2.7.4.8, Rv1390, dfp,
priA) and (relA:2.7.6.5, apt:2.4.2.7, secF, secD, ruvB, ruvA,
Rv2603c) share a common product (substrate) “GMP”
(Guanosine 5’-phosphate) and are merged to give a trace
(gmk:2.7.4.8, Rv1390, dfp, priA, relA:2.7.6.5, apt:2.4.2.7,
secF, secD, ruvB, ruvA, Rv2603c). The seeds (purN:2.1.2.2,
purH:2.1.2.3) and (purB:4.3.2.2, purC:6.3.2.6, purQ:6.3.5.3)
are merged to give a trace (purN:2.1.2.2, purH:2.1.2.3,
purB:4.3.2.2, purC:6.3.2.6, purQ:6.3.5.3). After the com-
plete merger (using Rule 1), the set of merged pathway
traces derived by B. subtilis is {(purN:2.1.2.2, purH:2.1.2.3,
purB:4.3.2.2, purC:6.3.2.6, purQ:6.3.5.3, purL:6.3.5.3,
purF:2.4.2.14, purM:6.3.3.1, Rv3273, purE: 4.1.1.21, purK:
4.1.1.21, relA:2.7.6.5, apt:2.4.2.7, secF, secD, ruvB, ruvA,
Rv2603c, gmk:2.7.4.8, Rv1390:, dfp, priA, hpT: 2.4.2.8, yacA,
rpoB:2.7.7.6, rpoC:2.7.7.6), (recR, Rv3716c, dnaZX:2.7.7.7),
(ureA:3.5.1.5, ureB:3.5.1.5, ureC:3.5.1.5)}.

Step 4: Merging Using Rule 2. The set of merged
pathway traces from E. coli and B. subtilis is merged
again if the two pathway traces share at least one enzyme
name with same substrate and product. All the pathway
traces derived using the genome of E. coli are included in
one or the other pathway trace derived from the genome
of B. subtilis. The resulting set of pathway traces is the
same as merged pathway traces derived (in Step 3) using
the genome of B. subtilis.

4.3 Refining Existing Pathways Using Gene-Groups

In this section, we apply the technique (to identify pathway
traces) to refine proposed metabolic pathways by integrat-
ing pathways with associated nonenzymatic proteins. The
technique is based upon mapping the identified pathway
traces on the existing metabolic pathway templates derived
using a network of reactions as given in the KEGG database
(see http://www.genome.ad.jp/kegg-bin/mk_point_html).
The refinement was done in three steps as follows:

Step 1. The putative pathway traces are derived by
comparing a genome with other known genomes. The
traces derived from individual genome comparisons were
merged to form a unified set of traces.

Step 2. The standard template of a metabolic pathway
(for the genome in question) was procured from the
KEGG database (http://www.genome.ad.jp/kegg-bin/
mk_point_html). The traces containing the enzymes were
mapped using the EC numbers of the genes in the gene-
groups and the locations of the enzymes near the end-
points of the putative pathway trace were detected. Any
gene without an enzyme number in the trace was
matched against the enzymes in the KEGG pathway
using the gene function. The function of the gene was
identified from the Genbank annotations, SwissProt
enzyme annotations, and Ligand database annotations
using the gene-name match (if given). If gene function is
matched in the SwissProt enzyme database or Ligand
database, then the corresponding EC number was as-
signed to the unannotated gene as a putative enzyme
number. If the function did not match exactly, the
function of the generic class of the enzymes in the
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pathway trace were identified and was matched with the
function associated with the gene-name. If the generic
description matched, then the enzyme in the pathway
trace was replaced by the generic enzyme class.

Step 3. After mapping the genes in a pathway trace, the
pathway trace was extended by identifying the enzymes in
the neighborhood of the pathway trace in the genome and
the enzymes in the same or adjacent metabolic pathways.
The extended pathway trace in the standard pathway
template was matched until the EC number of the genes in
the pathway trace and the EC number in the metabolic
pathway module did not match. This extended pathway
trace was recorded.

5 RESULTS AND DISCUSSION

The predicted gene products can be roughly traced to
common metabolic pathways in which known or similar
products have been identified. A metabolic pathway can be
deduced from linear DNA sequence data using an
automated system. The automated system described in this

paper compares sequence data between two or more
bacterial species and predicts potential pathway processes.
Application of the technique by the proposed algorithm
used to reconstruct metabolic pathways predicts several
gene-groups that can serve as pathway seeds. Association
of pathway enzymes or products with the same or similar
proteins, derived in wet labs, results in the determination of
specific sequences (gene-groups) of known biological
function.

Furthermore, the pathway trace analysis is meaningful
when comparing predicted enzymes with biochemical
functions required in a specific pathway. For example,
oxidoreduction, ligation, etc. are required functions in
specific pathways. The presence of the gene predicting the
enzyme in the pathway trace lends validity to the technique
and the algorithm used for data acquisition.

In this section, we first verified the technique by
comparing Escherichia coli (a well-studied proteobacterium)
and Bacillus subtilis (a Gram-positive bacterium) genomes.
Subsequently, we derived a set of pathway traces for the
pathogenic bacterium Mycobacterium tuberculosis. To identify
the metabolic pathways of M. tuberculosis, we compared
E. coli with M. tuberculosis and B. subtilis with M. tuberculosis.
Since there are large numbers of corresponding gene-groups
[4], the data are limited to describing a few significant
pathway traces identified by gene-group comparisons.

5.1 Hypothesis Verification

The results for verifying the hypothesis (using E. coli and B.

subtilis genome comparison) are summarized in Tables 1
and 2. Table 1 describes a limited representative subset of
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TABLE 1
Pathway Seeds Using E. coli versus B. subtilis

TABLE 2
A Subset of Pathway Traces in E. coli



gene-groups (along with the associated nonenzymes) acting
as seeds for pathway traces. Table 2 shows the extended

gene-group (along with the associated nonenzymes) in the
E. coli genome acting as the pathway trace derived from the
gene-groups in Table 1.

In the tables, the genes are represented as gene-name:

enzyme classification number. The genes without enzyme
numbers reported indicate that there is no corresponding
EC number (enzyme classification number) in the KEGG

database. An EC number without a gene name means that
the enzyme is present in the KEGG database. However,

the ortholog does not occur within the same gene-group.

We mark the genes missing in the KEGG database by

bold italicized names and mark the enzymes shared

between more than two pathway modules by underlining

the enzyme. The results show that the homologous

ordered and unordered gene-groups and gene-groups
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TABLE 3
Pathway Seeds Using E. coli

TABLE 4
Pathway Seeds Using B. subtilis



with duplicated domains completely map on a pathway
trace in the same metabolic pathway or adjacent pathway
modules. They may also be genes with a similar function
or are regulated by the same control region.

For example, EC 4.2.1.9 and EC 4.2.1.16 occur together,
share the same control region, and have similar function
(both are lyases: EC 4.2.1.9) and are involved in the “Valine,
Leucine, and Isoleucine metabolic pathway.” EC 4.2.1.16 is
also involved within the serine pathway. Minor variations
occur when the reactions involve two adjacent modules.

Almost all the large pathway traces individually belong
to one module. However, one particular enzyme or gene-
group may belong to two or more adjacent modules (many
times similar). This is due to artificial splitting of metabolic
pathways into different modules.

Few genes such as ppc:4.1.3.1 belong to a different
pathway despite being in a gene-group belonging to a
different metabolic pathway. A finer, future analysis based
on the control regions will remove this discrepancy. Some
enzymes, such as thtR:2.8.1.1, upp:2.4.2.9, udhA:1.-.-.-, etc.,
were missing from the KEGG database and could not be
tested despite being in the same gene-group. Due to space
limitation, we have not shown the pathways or the genes in
duplicated gene-groups. However, the contribution of these
gene-groups is very large and can be classified in four
different categories as follows:

1. gene-groups that map to a pathway trace are in the
same module or in the adjacent modules,

2. a subgroup of a larger gene-group occurring at a
different location in the genome,

3. the regulatory and sensor proteins (such as EC 2.7.3.-)
having multiple occurrences, and

4. rare random duplication bringing enzymes from two
metabolic pathways together.

The role of multiple subgroups of the same group of
enzymes at different locations in the genome is not clear
and may be related to enhanced reaction or production of
the correspomding biochemical products. The role of rare
random duplication in metabolic pathway is not clear and
needs to be investigated further.

Additionally, the data suggest clear redundancy of gene-
pairs for gene products that perform equivalent or similar
functions. This is evidenced by gene pairs found to be
associated with metabolic pathways where amino trans-
ferases, ester bond hydrolysis, or carboxylase activities are
required in two or more different pathways, for example.
The pathway seeds generated from the comparison of E. coli
and B. subtilis predict specific metabolic events. Extension of
these comparisons (Table 2) results in the identification of
more conserved sequences for which specific pathway
localization can be determined. We present three examples
of this below.

Example 4: Peptidoglycan biosynthesis. The bacterial cell
wall, or peptidoglycan, is a unique and rigid biopoly-
mer composed of repeating sugar moieties and species-
specific (amino acid and polysaccharide) side chains
that are linked together. The connected molecules form
a three-dimensional matrix that surrounds the cell to
create a barrier restricting cell membrane expansion
during changes in osmotic pressure. The peptidoglycan

precursors are initially synthesized and modified within
the cytoplasm from fructose-6-phosphate and are
transported through the cell membrane via a 55-carbon
isoprenoid lipid carrier, bactoprenol (undecaprenol).
Reduction, acetylation aminotransfer, ligation, and other
specific modifications of the initial precursors must
occur to prepare the N-acetyl-glucosamine-N-acetyl-
muramic acid dimers that form the polymer. Addition-
ally, ligases and other enzymes are required to add
sidechains to the growing peptidoglycan polymer. Thus,
an extensive biosynthetic pathway is required to modify
the fructose, add acetyl groups, form the ring structures,
and add amino acids, polysaccharides, and peptidogly-
can-associated proteins. The synthesis of new cell wall
material is required for the overall increase in cell size
and in the division of one cell into two new cells during
replication. Thus, the synthesis of peptidoglycan must
be tightly regulated and coupled to the growth of the
bacterial organism to maintain cell integrity. Analysis of
the data captured by the automated system above
reveals several distinct sequences whose proteins have
specific pathway functions. The mur genes code for
various substrates and enzymes (liagases, reductases,
racemases, etc.) for peptidoglycan biosythesis, the fts
genes code for cell division proteins, the ddl genes code
peptidoglycan side chain modifications (ddlB is a D-ala-
D-ala ligase), and yab genes code for oxidoreductases
and ABC transportor proteins. Thus, the pathway for
peptidoglycan synthesis can be more readily defined
knowing several of the product sequences.

Example 5: Flagellar Assembly. Prokaryotic flagella are
extracellular, protein extensions of the cell whose
function is primarily motility. The final structure has
three basic parts (basal body, hook, and filament), with
precursors synthesized in the cytoplasm for migration
out of the cell. Flagellar synthesis, assembly, and
function are complicated and dictated by over 30 sepa-
rate genes. Additionally, integration of the flagellar
structure with “motor” proteins and a hydrogen pump
system are required for biological function. Analysis of
the data captured by the automated system above
reveals several distinct sequences whose proteins have
specific pathway functions. The fli genes code for
(mostly structural) flagellar proteins (basal body, hook,
filament, motor switch, etc.). The gene rcsA codes for a
product in the cell capsule surrounding the flagella.
The gene dsrB (� subunit of dissimilatory sulfite
reductase) is probably involved in energy conservation.
The automated identification of flagellar genes in
several bacteria can be identified in homologous gene-
groups and associated with the flagellar biosynthetic
pathway. Furthermore, the analysis is logical as it
presents the substrate and enzyme families required for
flagellar synthesis.

Example 6: Citrate Cycle. The citrate cycle in prokaryotes is
a cellular source of carbon skeleton intermediates,
NADPH, ATP, and carbon dioxide. However, to function
as a catabolic pathway, precursors and enzymes must be
available. The formation and breaking of covalent bonds
by specific enzymes along the pathway release potential
energy via oxidoreduction events until the initial sub-
strate is reduced to carbon dioxide and water. The
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catabolism of pyruvate by the citric acid pathway
involves oxidoreduction, acetyl group transfer, and
ligation of sulfur and carbon groups. Analysis of the
data captured by the automated system above reveals
several distinct sequences whose proteins have specific
pathway functions. The sdh genes code for enzymes that
facilitate oxidoreduction (especially with sulfide-contain-
ing acceptors) and ligation of carbon-sulfur and carbon-
nitrogen precursors. Thus, the expected pathway en-
zymes are predicted by the pathway trace generated by
the automated system.

5.2 Predicting Pathways for Genomes

In this section, we apply our technique to identify the
pathway seeds and pathway traces of Mycobacterium
tuberculosis—a deadly pathogen. Mycobacterium tuberculosis
is the etiologic agent of the ancient, world-wide disease
known as tuberculosis. Tuberculosis is primarily a disease
of the lungs, but other organs and tissues become infected
when the bacteria leave the lungs and disseminate via the
bloodstream.

M. tuberculosis is a Gram-positive eubacteria. Cultures of
M. tuberculosis grow slowly, with a generation time of 18-
24 hours. The bacteria are aerobic and produces catalase to
detoxify oxyradicals. The cell walls of Mycobacteria have a
very high glycolipid content of complex fatty acids (e.g.,
arabinogalactan-lipid complex and mycolic acids). The
mycolic acids are composed of 60-90 carbons with aliphatic
chains on the�-carbon and a hydroxyl group on the �-carbon.
These lipid modifications inhibit normal Gram-staining
procedures, requiring harsher techniques, thus resulting in
the clinical term “acid-fast bacteria.” The penetration of
aqueous materials, including soluble antimicrobial com-
pounds, may be prevented by the relatively high lipid
content. These lipid modifications may also account for the
ability of M. tuberculosis to survive within the phagocytes that
attempt to kill the invading pathogen. This may be a result of
the cell wall lipids, in part, but also of bacterial strategies to
counteract the ATPase-mediated acidification processes
used by the phagocytes to kill invaders [16].

Other virulence factors have been speculated. Transpo-
son mutagenesis and transfer of tuberculosis genes to E. coli
have identified potential gene candidates. However, the
automated comparison of M. tuberculosis genome with other
bacterial genomes would quickly identify specific products
and pathways responsible for the virulence [8].

The comparison of M. tuberculosis with E. coli yielded
70 ordered homologous gene groups, 18 unordered homo-
logous gene-groups, 549 duplicated gene-groups, 383 gene-
duplications, and 43 neighboring gene fusions. The com-
parison of M. tuberculosis with B. subtilis yielded 88 ordered
homologous gene-groups, 20 unordered homologous gene-
groups, 672 duplicated gene-groups, 568 gene-duplications,
and 101 neighboring gene-fusions.

The data show that the major components of the gene-
groups are duplicated gene-groups. These gene-groups
represent a large amount of the pathway. However, due to
space limitations, we use the data related only to ordered
and unordered homologous gene-groups (including ortho-
logous gene-groups) derived from the comparison of
M. tuberculosis with E. coli and B. subtilis.

Out of 88 ordered and unordered gene-groups found
by M. tuberculosis and E. coli genome comparison,

58 gene-groups were found to be seed-points using the
KEGG metabolic pathway database (see Table 3). Out of
108 ordered and unordered gene-groups found by M.
tuberculosis and B. subtilis genome comparison 89 gene-
groups were found to be seed-points using the KEGG
metabolic pathway database.

Tables 3 and 4 show three types of missing information
in enzyme-based pathway databases as follows:

1. The enzymes are part of one gene-group. However,
this gene-group has a gene shared between two
pathway modules suggesting an intricate relation-
ship between two pathway modules.

2. The genes are associated with a gene-group, but do
not have an enzyme number. Such genes are quite
large in number. These genes are marked as bold
and italicized in Tables 3 and 4. These genes are
either not annotated or are regulatory genes in-
volved in the Table 3.

Table 5 shows some of the merged pathway traces from
Tables 3 and 4.
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In Table 5, the bold enzyme numbers show the missing
enzymes (present in the KEGG database) from the pathway
trace after merging. The bold and italicized gene-names
(present in pathway traces) are missing from the KEGG
databases.

These missing genes could be either regulatory proteins
or some of them could be a substitution for missing
enzymes. The underlined enzymes are intricately linked
to another pathway module suggesting a close and intricate
relationship between the two modules. For example,
nadB:1.4.3.16 found in gene-group (nadA, nadB, nadC) in
nikotinate and nikotinamide metabolism is part of alanine
and asparatate metabolism. The enzymes missing from the
gene-groups but present in KEGG database are either
enzymes shuffled from the gene-groups to some other
location or are absent in the genome under consideration.
For example, trpD: 2.4.2.18 is present yet shuffled from the
main gene-group in M. tuberculosis and the gene trpF:
5.3.1.24 has no homolog in M. tuberculosis although present
in B. subtilis. Such enzymes are possibly substituted by
other enzymes. The effect of substitutions will be interesting
to study. We have omitted genes marked as hypothetical
proteins from Table 5. Some of these hypothetical proteins
may be involved in regulation, or may not be annotated.

The subsets of merged and extended pathway traces for
M. tuberculosis (see Table 5) identify several interrelated
metabolic pathways that may explain its virulence. In one
example, the aerobic M. tuberculosis should use oxidation/
reduction enzymes to catalyze proton transport and, thus,
the synthesis of ATP via oxidative phosphorylation events.
Oxidases and reductases are required for this metabolism to
occur. The pathway trace identified several ATP-dependent
proton transporting synthetases (atp genes:3.6.1.34), dehy-
drogenases (proA genes:1.2.1.-), and other oxidases (hemyX
genes:1.3.3.4) whose function could direct/regulate ATP
synthesis and oxyradical detoxification.

In a second example, M. tuberculosis is known for its
ability to counteract phagocyte killing via neutalization of
the acidic phago-lysosome environment. Speculation in-
dicates that ammonia production by M. tuberculosis may be
the mechanism by which this occurs [14]. The pathway
traces obtained by automatic gene-group comparison
(above) identify several interrelated pathways that share
in the metabolism of ammonia via the urea cycle (ure genes:
3.5.1.5). Additionally, capture of amino groups and their
transfer can be mediated through carbamyl phosphate
synthetase (6.3.5.-) and amino transferases (5.4.3.-). These
are also predicted by the pathway trace in Table 5. Together,
these enzymes participate in the cycling of ammonia and
amino groups within M. tuberculosis and may contribute to
its virulence by significant ammonia production to prevent
its destruction by mammalian phagocytes.

6 CONCLUSION

In this paper, we have described a novel graph-based
scheme [5] and algorithms to automate and refine the
reconstruction of metabolic pathways of newly sequenced
genomes using the automatically derived orthologous and
homologous gene-groups [3], [4]. We also analyze a
subset of derived metabolic pathways of Mycoplasma

tuberculosis—a deadly pathogen. The technique is based

upon the marking of local sections in metabolic pathways

as pathway seeds, extending the pathway seeds to

pathway traces, and merging pathway traces obtained

from multiple genome comparisons.
Unlike previous schemes [20] that compare evolutiona-

rily similar species, this scheme uses the findings of Bansal

[4] (that the number of gene-groups is largely a function of

genome size) to compare genomes from different genome

families.
This gene-group based analysis also identifies nonenzy-

matic genes affected by enzymatic reactions in a section of

metabolic pathway. The scheme can also predict the EC

number for missing genes in the large pathway traces and the

interrelationship of different pathway modules. An interest-

ing finding is that gene-groups containing regulatory

proteins, sensor proteins, and ABC transporters [15], [21]

are frequently duplicated. The predicted pathway substrates

and enzymes are consistent with expected gene products in

each of the respective analyses, providing a high degree of

validity for the automated system.
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