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ABSTRACT

Motivation: Metabolism, the network of chemical reactions that make
life possible, is one of the most complex processes in nature. We
describe here the development of a computational approach for the
identification of every possible biochemical reaction from a given set of
enzyme reaction rules that allows the de novo synthesis of metabolic
pathways composed of these reactions, and the evaluation of these
novel pathways with respect to their thermodynamic properties.
Results: We applied this framework to the analysis of the aromatic
amino acid pathways and discovered almost 75000 novel biochem-
ical routes from chorismate to phenylalanine, more than 350 000 from
chorismate to tyrosine, but only 13 from chorismate to tryptophan.
Thermodynamic analysis of these pathways suggests that the native
pathways are thermodynamically more favorable than the alternative
possible pathways. The pathways generated involve compounds that
exist in biological databases, as well as compounds that exist in chem-
ical databases and novel compounds, suggesting novel biochemical
routes for these compounds and the existence of biochemical com-
pounds that remain to be discovered or synthesized through enzyme
and pathway engineering.

Availability: Framework will be available via web interface at http://
systemsbiology.northwestern.edu/BNICE (site under construction).
Contact: vassily@northwestern.edu or broadbelt@northwestern.edu
Supplementary information: http:/systemsbiology.northwestern.
edu/BNICE/publications

INTRODUCTION

The study of metabolic networks entails two kinds of problems:
the analysis and the synthesis. The analysis problem involves the
study of aset of biochemical reactions and theidentification of every
possible pathway for the production of a biochemical compound
from a given set of starting compounds through a set of known
biochemical reactions and compounds. Computational approaches
for this problem involve the use of artificia intelligence methods
(Mavrovouniotis et al., 1992), stoichiometric analysis (Price et al.,
2003; Schuster et al., 2000) and graph network analysis (Arita, 2000;
Jeong et al., 2000).

The synthesis problem involves the identification of novel reac-
tions and novel biochemical compounds that are feasible, given a
set of enzyme reaction rules and a set of initial compounds and
cofactors. One of the approaches to the synthesis problem employs

*To whom correspondence should be addressed.

knowledge-based expert systems for the identification of possible
biodegradation pathways based on a set of rules constructed from
observed biodegradation reactions (Darvas, 1988; Greene et al.,
1999; Hou et al., 2003; Klopman et al., 1994, 1999; Taafous
et al., 1994). This approach predicts novel biodegradation routes,
but it does not provide a systematic framework for application to
other metabolic pathways that involve more than 4000 biochemical
reactions (Kanehisa et al., 2004). Another approach considers the
identification of possible new reactions that can connect the exist-
ing metabolites in a metabolic network (Arita, 2000), but it does
not allow the identification of possible new biochemical pathways
through novel biochemical compounds.

On the other hand, computational chemistry methodologies allow
the generation of every possible reaction for a given set of chem-
ical reaction rules and starting compounds (I hlenfeldt and Gasteiger,
1996). We adopted one of these methods (Broadbelt et al., 1994) and
developed a computationa framework that we have named BNICE
(Biochemical Network | ntegrated Computational Explorer), which
can address the synthesis problem in metabolic pathways.

SYSTEMS AND METHODS

Theframework requiresagraph-theoretic matrix (Ugi et al., 1979) represent-
ation of biochemical compounds and enzyme reaction rules. Molecules are
represented using the bond-electron matrix (BEM) (Ugi et al., 1979). Each
atom in amoleculeis represented by arow (or equivalently, a column). The
diagonal elements, ii, of the BEM denote the non-bonded valence electrons
of atom i; the non-diagonal elements, ij, give the connectivity via bonding
between different atoms and the bond order between atomsi and j. Enzyme-
catalyzed reactions can be represented using similar notation. The reactive
sitesfor each enzymeclassare pre-defined astwo-dimensional (2D) molecule
fragments and coded in the BNICE. A set of moleculesis given asinput and
every molecule is evaluated to find if it has the appropriate functionality to
undergo reactions corresponding to the specified reaction classes. The reac-
tions are then implemented through matrix addition. Negative numbers in
the reaction matrix correspond to the cleavage of bonds and positive num-
bers correspond to the formation of bonds. When the matrix representing the
enzyme-catalyzed reaction is added to the BEM for the substrate, the BEM
formed specifies the products of the reaction (Fig. 1).

The automated pathway generation algorithm operatesin an iterative man-
ner. Once reacted, all the reactants are placed in a ‘reacted’ list, and al the
products from these reactants will be placed in an ‘unreacted’ list if they
are molecules that have not been specified or generated before. Next, each
molecule in the ‘unreacted’ list will be checked for its reactivity, and the
reaction matrix operations will be repeated. An iteration count is maintained
asnew moleculesare created, keeping track of the generation number of each
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Fig. 1. Example of bond-electron matrix for the reacting portions of phenylpyruvate and glutamate (reactants) and phenylalanine and 2-oxoglutarate (products)
aong with the reaction operator matrix for the 2.6.1 generalized enzyme reaction. The reaction operator matrix is added to the BEM of the reactantsto produce
the BEM of the products. Negative number in the operator matrix represents bonds broken and positive number represents bonds created in the 2.6.1 reaction.

species, which isthe number of steps required to create a given product from
theoriginal reactant(s). A maximum generation number can be specified, and
thusthe generation number can be used to determineif agiven moleculefrom
the‘unreacted’ list isallowed to react in the next generation. If the generation
number is above the specified maximum, the given molecule will be placed
inthe ‘reacted’ list and isaterminal point in the reaction network.

The BEMsof theinput molecules are generated automatically after the 2D
connectivity information is read by the program. All the reaction matrices
for the enzyme-catalyzed reactionsin the system under investigation are pre-
formulated and stored.

Definitions of the generalized enzyme reactions

We utilized the Enzyme Commission (EC) classification system, developed
by the I nternational Commission on Enzymes (Tipton and Boyce, 2000), for a
systematic formulation of these enzyme reaction rules. The EC established a
classification scheme that involves afour-tier hierarchical classification: EC
i.j.k.l. The first three numbers classify enzymes according to the chemical
rules of the reaction they catalyze, and the fourth number corresponds to the
participating substrates and products.

In the Kyoto Encyclopedia of Genes and Genomes (KEGG) database
(Kanehisa et al., 2004) there currently exist 4306 4th level reactions organ-
izedin 6first level classes, 63 second level classesand 234 third level classes.
Weinvestigated al of the enzyme reactionsin the reaction databases, and we
found that thethird level classification uniquely describesthe chemistry asso-
ciated with most of the corresponding enzymes in the fourth level. Based on
this observation we defined the generalized enzyme reaction, which allowed
the formulation of a unique matrix representation for every enzyme reaction
within the same third level enzyme class. In order to define a generalized
enzyme reaction based on thethird level EC classes, we examined all thebio-
chemical reactions within the corresponding fourth level. We can define the
enzyme reaction by comparing the substrate and product structures. We also
identified many cases of enzyme misclassification that could be reclassified
based on the definition of the generalized enzyme reaction, and we intro-
duced new third level classes. Therefore, the generalized enzyme reactions
were defined according to the following four principles: (1) enzymesin the
fourth level EC classfollow aprimary pattern of overall transformation that is
consistent with the original classification rules used by the EC; (2) the overall
reactions can be dissected using two or more different generalized enzyme
reactions; (3) the enzyme reactions can be described by an operator differ-
ent from the one that is characteristic of their third level classification but
consistent with the reaction pattern of more than one biochemical reaction;
(4) enzymesfollow aunique reaction mechanism; in this case we use the pat-
tern defined by the enzyme, and we classify it based on the possible chemistry
or information about the mechanism of the enzyme. In addition, we aug-
ment the enzyme rules with known transformations that are consistent with
organic chemistry rules or with non-enzymatic steps in enzyme-catalyzed

mechanisms, such asketo-enol tautomerism and cyclizations. Applying these
principles, wefound that all the known enzyme-catalyzed reactionsin KEGG
database can be represented by fewer than 250 generalized enzyme reactions
in place of the more than 4300 specific enzyme functions in the database,
thus rendering the complexity of biological systems more manageable.

Generalized enzymereactionsin the aromatic amino
acid pathways

We employed BNICE for the analysis of the biosynthetic pathways of
the aromatic amino acids, phenylaanine, tyrosine and tryptophan, from
chorismate and the cofactors and cosubstrates—glutamate glutamine, ser-
ine, NADT/NAD and 5-phospho-a-D-ribose-1-diphosphate (PRPP). The
native pathways from chorismate to phenylal anine and tyrosine are each com-
posed of threereactions, with two reactions common in both pathways, while
the pathway to tryptophan is composed of five reactions. Out of these nine
unique biochemical reactions, three can be mathematically described using a
uniqueoperator characteristic of their third level generalized enzymereaction,
and the other six can be described by combinations of third level generalized
enzyme reactions (Supplementary information Tables S1 and S2).

The first enzyme, chorismate mutase (EC 5.4.99.5), in the pathway that
leads to phenylalanine and tyrosine, performs a pericyclic reaction known
as a Claisen rearrangement (Dosselaere and Vanderleyden, 2001). This is
the only example of such an enzyme-catalyzed reaction, and we defined a
new third level class generalized reaction, EC 5.4.4, for this reaction (Sup-
plementary information Tables S1 and S2). In the phenylaanine pathway,
prephenate dehydratase (EC 4.2.1.51) catalyzes a simultaneous dehydration,
EC 4.2.1, and decarboxylation, EC 4.1.1. Thus, it would be consistent with
both of these current third level EC classifications. Furthermore, if these two
reactions are concurrent, the overall reaction requires an isomerase activ-
ity for double-bond rearrangement, characteristic of the third level class EC
5.3.3. We have thereforeincluded all three of these generalized enzymereac-
tionsinthe phenyla anine pathway. Similarly, prephenate oxidoreductase (EC
1.3.1.12) in the tyrosine pathway was divided into three generalized enzyme
reactions: EC 4.1.1, 5.3.3 and 1.3.1.

The first enzyme in the tryptophan biosynthetic pathway, chorismate
pyruvate-lyase (EC 4.1.3.27), contains two subunits: apha and beta (Miles,
2001). Subunit aphais known to convert chorismate to anthranilate in two
discretesteps. Thefirst step converts chorismateto aminodeoxyisochorismate
(ADIC) through a reversible amination reaction. The amino group comes
from glutamine through the action of the beta subunit. The second step
catalyzed by the alpha subunit converts ADIC to anthranilate through cis-
elimination of pyruvate. Analysis of the functions of the two subunitsled to
the splitting of the overall reaction into three third level generalized enzyme
reactions, EC2.6.2,4.2.4and5.3.2. EC2.6.2isanew thirdlevel transaminase
class and corresponds to the first step catalyzed by the coordinated action of
subunits, alpha and beta. EC 4.2.4 and 5.3.2 correspond to the second step
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reaction catalyzed by the subunit alpha alone (Supplementary information
Tables S1 and S2). N-(5-phospho-8-p-ribosyl)anthranilate ketol-isomerase
(EC 5.3.1.24) is another interesting enzyme in the tryptophan pathway that
does not appear to follow the generalized reaction characteristic of the 5.3.1
class. It catalyzes atautomerization reaction known asan Amadori rearrange-
ment (Creighton and Yanofsky, 1970; Isbell and Frush, 1958) for which we
have defined the new class EC 5.3.5 (Supplementary information Tables S1
and S2).

With these decompositions and reclassifications, the three reaction steps
in both the phenylalanine and tyrosine pathways were represented by five
generalized enzymereactionseach, and thesix reaction stepsinthetryptophan
biosynthetic pathway wererepresented by ninegeneralized enzymereactions.
Another major issue we resolved using the EC classification and database
information asaguidewasthe participation of the cofactorsand amino donors
in the specified generalized enzyme reactions. For example, based on the
observation that 41 of the 72 enzymes in the 2.6.1 class utilize glutamate as
an amino donor, transaminase reactions, i.e. EC 2.6.1, were constrained to
use glutamate as the sole amino-donor, despite the fact that the generalized
enzyme reaction, EC 2.6.1, could permit every amino-carrier compound to
act as an amino-donor indiscriminately. In addition, the cofactor compounds
were not allowed to serve as substrates for reactions other than those where
they serve as cofactors.

RESULTS AND DISCUSSION

Analysis of the aromatic amino acid pathways

The application of the three individua sets of generalized enzyme
reactions to produce phenylalanine, tyrosine and tryptophan from
chorismate and the corresponding cofactors and amino donors, res-
ultedinaricharray of novel compoundsand pathways. A total of 246
compounds were produced from chorismate and the five generalized
enzyme reactions in the phenylalanine pathway; 289 compounds
were produced from the five generalized enzyme reactions in the
tyrosine pathway; 58 compounds were produced from chorismate
and the nine generalized enzymereactionsin the tryptophan pathway
(Table 1). Through automated comparison of the compounds created
and those catalogued in the KEGG and the Chemical Abstracts Ser-
vice (CAS) Registry, it was clear that the compoundsfell into one of
three categories. compoundsthat are apart of the origina pathways,
compounds that exist in the KEGG database and are not part of the
original pathways and compounds that exist in the CAS database but
not inthe biological databases. The compoundsthat existinthe CAS
but not the KEGG are intriguing compounds because there exists
an organic synthesis route but not a reported biochemical synthesis
route. A large number of compounds had no match in either of the
two databases, suggesting the existence of compoundsthat remain to
be discovered or synthesized through protein and pathway engineer-
ing (Table 1). Furthermore, the diversity of biochemical compounds
wasincreased by at |east one order of magnitude when we combined
generalized enzyme reactions from two of the three different path-
ways, and the largest number of compounds—almost 35 000—was
generated when we combined the 15 generalized enzyme reactions
in al three pathways (Table 1).

Length distribution of the alter native biosynthetic routes

The generated metabolic networks were also analyzed with respect
to the pathway length between chorismate and the individual aro-
matic amino acids. The pathway length between chorismate and the
aromatic amino acid of interest in the novel biochemical reaction
networks was established using a depth-first search algorithm. All

Table 1. Compounds and reactions in the three metabolic networks

Phe? Tyr? Trp? AAAP Phe/Tyr® Phe/Trp? Tyr/TrpP

Total reactions 946 1318 80 98985 1601 19063 36988

Tota 246 289 58 34892 356 8252 13775
compounds

Exact matches 9 8 19 39 19 34 28
in KEGG

(Percenttotal) (3.66) (2.77) (33) (0.112) (5.34) (0.247) (0.339)

Exact matches 17 16 25 95 35 81 60
inCAS

(Percenttotal)  (6.91) (5.54) (43) (0.272) (9.83) (0.588) (0.727)

Near matiches 55 51 1 181 67 156 106
inCAS®

(Percenttotal) (22.4) (17.6) (1.7) (0.519) (18.8) (1.13) (1.28)

Novel 229 273 33 34797 321 13694 8146
compounds

(Percenttotal)  (93.1) (94.5) (57) (99.73) (90.2)  (99.4)  (98.7)

aNo new compounds were created after 10 iterations of the rules for phenylalanine and
tyrosine and 14 iterations for tryptophan.

bData obtained from 10 iterations of the reaction rules only.

®Near matches consist of tautomers and zwitterions. Tautomers are isomers that are
rapidly inconverted. Often adouble bond is shifted in the structure, such asin keto-enol
tautomers. Zwitterions are molecules that are both cationic or anionic. Near matchesin
the CAS differ by either charge or asmall structure feature such as a double bond shift.

reactions were assumed to be irreversible, proceeding in the dir-
ection defined by the generalized reaction rules, and all cofactors
were removed from the network before the search was conducted
sincethey do not act aslogical intermediatesin any of the pathways.
The agorithm starts from the node corresponding to chorismate and
performs a depth-first search of the network from this node until
the target node (e.g. phenylalanine) is found. It reports this path
length and backtracksto explore all the branching pointsin the path-
way. If anode is ever encountered twice in the same pathway, the
algorithmwouldimmediately backtrack without logging the pathway
to guarantee that no pathways with loops are counted.

We found that there exist 7, 23 and 15 alternative pathways
from chorismate to phenylalanine, tyrosine and tryptophan, respect-
ively, with the same number of generalized enzyme reactions as
in the origina pathways (Fig. 2 and Supplementary information
Figure S3). Moreover, there exists alarge number of pathways with
lengths longer than the length of the native pathways in the cases of
phenylalanine and tyrosine, exemplifying the flexible nature of the
generalized chemistry, but there are no pathways of higher length
than the original pathway in the tryptophan pathway (Fig. 3).

Regardless of length, multiple pathways of the same length are
the result of the combinatorial nature of the biochemistry involved
that allows the same overall chemistry to be performed in differ-
ent sequences through different intermediates leading to the same
products. However, combinatorics alone are a poor predictor of the
viable pathways given a set of enzyme reactions. For example, if
the five reactions comprising the native pathway from chorismate to
phenylalanine could occur in any sequence, wewould expect to have
120 (5') different pathways of length five. However, we found only
seven dueto the conditional nature of the sequence of chemical reac-
tions. This aptly demonstrates the usefulness of our computational
framework that takes into account the dependency of each chemical
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Fig. 2. Alternative native-length pathways to aromatic amino acids. All are
pathways from chorismate to phenylalanine (A), tyrosine (B) and tryptophan
(C) with length equal to the length of the original pathway. Chr, chorismate;
Phe, phenylalanine; Tyr, tyrosine; Trp, tryptophan. Solid-line boxes (A) or
squares (B and C) indicate compounds that exist in the KEGG database,
dashed line boxes (A) or circles (B and C) indicate compounds that exist in
the CAS database, and dotted-line boxes (A) or triangles (B and C) indicate
novel compounds not found in KEGG or CAS databases. The structures of
the compoundsin the tyrosine (B) and tryptophan (C) pathways are provided
in Figure S3 in the Supplementary information. Shaded pathways indicate
the pathways that correspond to the native pathways; portions of the shaded
native pathway outlined in black represent dissected reactions.

reaction on the history of the preceding chemical reactions, and the
specific rules that govern enzyme chemistry where specific molecu-
lar substructures may be required in addition the target reactive site
for thereactionsto take place. The conditional nature of the sequence
and specificity of the enzyme reactionsis further exemplified in the
tryptophan pathway, where we might expect 40320 pathways of
length eight, but only 15 pathways are generated.

10°
1044
1034
1021
10"

1 OO T T T T
5 10 15 20 25 30
Pathway length

Number of pathways

Fig. 3. Pathway length distribution in the novel reaction networks of the
three aromatic amino acids: phenylalanine (squares), tyrosine (circles) and
tryptophan (triangles). In phenylalanine there are no pathways with an even
length until pathways reach alength of eight. Thisis due to the fact that the
repetitive double bond shifting of the 5.3.3 transformation is responsible for
increasing most of the pathways beyond the native length of 5. For paths of
length less than eight, the structure of the substrates does not allow 5.3.3 to
shift bonds to the configuration needed to produce phenylalanine in an even
number of steps.

Network properties

In order to study the cluster organization of the predicted path-
ways and identify the ‘hubs’, i.e. highly connected metabolites in
the networks, we used cluster analysis and visualization (Batagelj
and Mrvar, 2002; Jeong et al., 2000). The phenylalanine and tyr-
osine networks display a characteristic structure with two large
clusters (Fig. 4A and B). One of the clusters consists of carbon
compounds and the other consists of the corresponding aminated
compounds. The cofactors, amino donors and small molecules, such
as NAD'/NADH, glutamate, CO, and H,0, are the ‘hubs’ of the
networks as already observed by Jeong et al. (2000). Thetryptophan
network appearsto be sparse dueto the small number of biochemical
compounds with small molecules and cofactors as hubs (Fig. 4C).

Thermodynamic feasibility studies

The predicted pathways were further evaluated with respect to their
thermodynamic feasibility. We used a group contribution method
previously developed for the estimation of the Gibbs free energy of
formation of biochemical compounds and the subsequent calcula
tion of the standard Gibbs free energy of reaction (Mavrovouniotis,
1990, 1991). This method dissects amolecule into several groups of
atomsand treatsthethermodynamic propertiesof thewholemolecule
as the summation of the properties of these groups. The proper-
ties of these basic groups can be obtained from a training set of
molecules with known thermodynamic data using a multiple linear
regression analysis. If the set of groups obtained from moleculeswith
known thermodynamic properties is comprehensive enough, group
contribution methods can be used to calculate the thermodynamic
properties of any biological molecule. Estimation of the Gibbs free
energy of the reactants and products of an enzymatically catalyzed
reaction then allows the estimation of the Gibbs free energy of the
reaction. The Gibbs free energy contribution of cofactor transforma-
tions, such asNADH and ATP, isalso added in reactionsthat involve
cofactors.

We found that the native pathways follow the most thermody-
namically favorable path relative to the aternative pathways with
the same number of reaction steps for all three aromatic amino
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Fig. 4. Visua representation of the novel biochemical reactions and com-
pounds generated from the generalized enzyme reactions. Nodes represent
compounds and edges represent reactions. In the phenylalanine (A) and
tyrosine (B) networks, carbon compounds (blue diamonds) act as amino
acceptors in the 2.6.1 reaction producing amino compounds (red squares).
Some carbon compounds (green triangles) cannot undergo transamination,
whereasanother largegroup of amino compounds(orangecircles) isproduced
through further processing of the products of the 2.6.1 reaction. Glutamate
(yellow square), 2-oxoglutarate (yellow diamond), CO, (yellow triangle),
H,O (yellow circle), NAD™ (yellow star) and NADH (yellow asterisk) all
act as hubs in the networks. The tryptophan network (C) contains carbon
compounds (green triangle), amino compounds (orange circles), carbon com-
pounds with a phosphate group (red squares) and amino compounds with a
phosphate group (blue diamonds). PRPP (yellow star), pyrophosphate (yel-
low asterisk) and CO; (yellow triangle) are the hubs of the network, whereas
H20 (yellow circle), serine (yellow cross), glutamate (yellow square) and
glutamine (yellow diamond), are not highly connected in this network. The
network visualization was performed using the network analysis package
Pajek (http://vlado.fmf.uni-lj.si/pub/networks/pajek/).

acids (Fig. 5). The original pathways were aso found to be the
most thermodynamically favorable compared with any other longer
aternative pathways (Supplementary information Figure $4), fur-
ther suggesting the possible evolutionary design of these pathways
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Fig. 5. Thermodynamic free energy landscape of alternative pathways. The
changes in the reaction Gibbs free energy aong the aternative pathways
from chorismate to phenylalanine (A), tyrosine (B) and tryptophan (C). Only
the free energy landscapes of pathways with length equal to the length of the
original pathwaysare represented. Energy landscapesfor longer pathwaysare
shown in Figure $4 in the Supplementary information. Dashed lines denote
the free energy change of the overall reaction in the native pathways prior
to dissection into generalized enzyme reactions (Supplementary information
Table S1).

toward thermodynamic efficiency. This might imply that the cur-
rently known native pathways have evolved under the pressure of
thermodynamic constraints.

An interesting feature of the free energy landscapes of the native
pathways is that certain transformations that appear to be ther-
modynamically unfavorable, i.e. AGy, > 0, are components of
the decomposed steps that appear to take place on multifunctional
enzymes, suggesting that these enzymes have evolved to perform
channelling reactions that pass the reaction intermediates to the
next reaction site without releasing them into solution. Channel-
ling, effectively, increases the apparent local concentration thereby
driving the reaction forward by changing the reaction potential
through apparent high concentration. In addition, thethermodynamic
properties estimated here are for standard conditions (T = 25°C;
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P = 1atm; pH = 7; concentrations of reactants and products 1 M;
zero ionic strength), and they might change under different condi-
tions, asisparticularly the casein extremophiles. Whilethe potential
chemical transformationswill remain the same, it is possible that the
different environmental conditions might favor different pathwaysin
different organisms.

Concluding remarks

As the diversity of the sequenced organisms from extreme envir-
onments is increasing, novel and alternative biochemical pathways
are expected (Falkowski and Vargas, 2004; Venter et al., 2004). The
studiesreported here display the wealth of biochemical reactionsand
biochemical compounds still to be discovered. While most of the
compounds and pathways found through our computational studies
have not been reported in the biochemical literature, they arefeasible
based on the concept of generalized enzyme reaction and the thermo-
dynamics at standard conditions. Therefore, they might be already
operative in nature, but we have not yet detected them.

Implementation of the predicted metabolic pathways in an organ-
ism will require that their mass, energy and redox demands be met
by the metabolism of the host organism. The cellular feasibility of
the predicted pathways can be further evaluated by implementing a
constraints-based approach (Price et al., 2003). The mass balance
equations of the predicted metabolites will provide the stoichiomet-
ric constraints that will augment the stoi chiometric constraints of the
host metabolic networks and will allow us to perform constraints-
based studies for estimating important physiology aspects such as
maximum theoretical yield of the novel metabolites, cost of their
production on cell growth and optimization of process conditions.

In the case of the aromatic amino acid biochemistry the number of
themetabolites and reactions converged after arelatively small num-
ber of successive iterations, with amaximum of 12 stepsin the case
of the tryptophan pathway. However, depending on the number and
kind of thereaction rulesand initial metabolites, the number of reac-
tions and metabolites might grow exponentially. As new metabolites
and reactions are being generated we can also control the growth rate
of thereactionsand metabolites by applying thermodynamic and cel-
lular feasibility criteria, aswell asother system-specific criteria, such
as the maximum number of carbon atoms in each metabolite.

The developed framework can be applied to a large number of
different systems of biotechnological importance. For example, the
isoprenoid and polyketide synthesis pathways have been shown to
produce an enormous number of structurally different compounds
and their diversity has been expanded through metabolic engineer-
ing (Khosla and Keasling, 2003). Application of the computational
framework will alow the identification of every possible chemical
compound that can be produced by the generalized enzyme reactions
in these pathways and the computational screening of compoundsfor
potential antimicrobial activity will provide guidance for design of
biosynthetic pathways for these compounds.

Theapplication of theframework to the biochemistry of thecentral
carbon pathways will also alow the identification of potential novel
routes to important metabolic and biosynthetic compounds, or the
synthesis of new compounds, based on renewable resources. For
example, in the work reported in the paper we have identified that at
least one of the chemicals predicted from the aromatic amino acid
biochemistry isavaluable industrial chemical suggesting a possible
new biosynthetic route for an industrial chemical. Such findings can
have significant implicationsfor the devel opment of bioprocessesfor

industrial chemicalsin a sustainable future technology (Lynd et al.,
1999).

Another appropriate area of application is bioremediation of
organic xenobiotics. Many of these manmade chemicals are com-
poundsthat have never been seen before by nature and application of
theframework presented herewill assist in investigating if the gener-
alized enzyme reactions, present in the known biodegradation path-
ways could degrade them and suggest the possible biodegradation
routes and products (Greene et al., 1999; Hou et al., 2003).

The systematic reclassification of the enzymes could also provide
new insight into the correlation between enzyme structure and func-
tion (Rison and Thornton, 2002). Similar considerations might open
new ways of addressing the problem of pathway reconstruction
(Osterman and Overbeek, 2003) by suggesting alternative connec-
tions that close the gaps in pathways from organisms with missing
enzymes. In addition, the approach presented here could provide a
framework for the studies of the evolution of metabolism (Morowitz
et al., 2000; Schmidt et al., 2003). Mining the wealth of the combin-
atorial biochemistry will require the development and application of
approaches like the one described here.
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