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Abstract

We present the application of heuristic search to in silico metabolic pathway engineering. In particular, we discuss a new computational
approach to elucidate complex pathways and to address the practical challenge of combinatorial complexity in pathway inference. We
have implemented this approach in a new computational framework, called PathMiner, which is useful for designing metabolic engineering
strategies. In this paper, we describe our approach to analyze pathways for the de novo synthesis of vanillin, as well as a transgenic strategy
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o implement these in a number of hosts. Using PathMiner we are able to automatically elucidate a 19-step pathway for de no
ynthesis fromd-glucose, which is in close agreement with the routes reported in the literature. This paper represents a novel inte
rtificial intelligence and biochemistry for computational metabolic engineering. As high-throughput biology generates increasing
f genomic and metabolic data, automated in silico approaches will become increasingly useful for making biologically useful pre
2004 Published by Elsevier Ltd.
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. Background

Computational approaches to metabolic engineering gen-
rally involve quantitative calculations of kinetics, fluxes,
ontrol coefficients to optimize a specific network or path-
ay. Metabolic engineering emphasizes metabolic pathway

ntegration (Stephanopoulos, 1999), but where do these path-
ays come from? In particular, designing a novel metabolic
athway using heterologous enzymes raises many questions
bout the choice of enzymes and host organisms. The state
f the art in gene addition and knockout is such that it is
ow possible to engineer almost any pathway in almost any
ost. Indeed, identifying the metabolic engineering strategy

s usually far more complex than implementing it. Selecting
strategy requires not only expertise in chemistry, biocataly-
is and molecular biology, but also knowledge of what genes
nd enzymes are available. With the increasing amounts of
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genomic data, this is a challenging proposition without
use of intelligent computational aids.

Our goal is to produce a metabolic engineering stra
using only the desired chemical product, the desired ca
source and some qualitative constraints on the choice o
host organism. While the growing databases of meta
annotations provide a catalog of genes and enzymes, p
them together into desired pathways is a complex task
computational approach, which is based on heuristic se
can sift through the vast amount of information on enzy
and biotransformations to generate combinations of the
essary genes that produce biocatalytic pathways from a
put to a desired product. To achieve this, we have develo
heuristic for measuring pathway cost that enables the effi
identification of metabolic routes.

In this paper, we elucidate a pathway for de novo van
synthesis. Vanillin, or 4-hydroxy-3-methoxybenzaldehy
is a very important flavor and aroma molecule. More t
12,000 tons of vanillin are produced each year, but less
1% of this is natural vanillin from the beans of theVanilla
098-1354/$ – see front matter © 2004 Published by Elsevier Ltd.
oi:10.1016/j.compchemeng.2004.08.038
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Fig. 1. Vanillin synthetic pathway of Berry (Berry, 1996; Priefert et al., 2001). E4P is produced as a product of pentose phosphate pathway, and is transformed via
the shikimic acid pathway into 3-dehydroshikimic acid, which catalyzed by the added 3-dehydroshikimate dehydratase into protocatechuic acid. Protocatechuic
acid is then transformed into vanillic acid by the transgenic addition of catechol-o-methyltransferase.

orchid (Walton, Mayer, & Narbad, 2003). The natural pro-
duction of vanillin is complicated by the fact thatVanilla
planifolia flowers asynchronously, requiring hand pollina-
tion of the flowers. Additionally, the vanillin in the green
vanilla beans are present exclusively in conjugated form as
the�-d-glucoside, which exhibits no vanilla flavor, requiring
extensive curing. Indeed, the worldwide increasing demand
for natural vanilla flavor far outweighs the available supply
with vanilla pods alone (Priefert, Rabenhorst, & Steinbuchel,
2001). As a result, the vast majority of vanillin is synthe-
sized relatively cheaply via chemical processes. Thus, it is
important to study alternative approaches for the production
of vanillin.

Early work in V. planifolia by Zenk (1965)suggested
that ferulic acid might be beta-oxidized to form vanilloyl-
coa and then vanillin. More recently, though, the litera-
ture (Funk & Brodelius, 1994) indicates that the natural
biosynthesis of vanillin appears to be a product of pheny-
lalanine via the phenylpropanoid pathway, then to caffeic
acid (3,4-dihydroxy-4-methoxycinnamic acid), isoferulic
acid (3-hydroxy-4-methoxycinnamic acid), dimethoxycin-
namic acid, dimethoxybenzoic acid, and finally to vanil-
lic acid where it is glucosylated, then reduced to vanillin.
Vanilla biosynthesis and degradation have also been ob-
served in several microorganisms! (Achterholt, Priefert, &
Steinbuchel, 2000; Gasson et al., 1998; Mayer et al., 2001;
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Table 1
Transgenic strategy for implementing pathway by Berry (Berry, 1996;
Priefert et al., 2001)

Organism Genes Enzyme

E. coliKL7 +aroE Shikimate dehydrogenase
+aroZ 3-Dehydroshikimate dehydratase
+PtacCOMT Catechol-o-methyltransferase
aroFFBR DAHP synthetase
sera Plasmid stabilizer
aroB 3-Dehydroquinate synthase

This is the only de novo vanillin biosynthesis in the literature.

tion on biotransformations, enzymes and genes using Path-
Miner.

2. Methods

The foundation of our in silico metabolic engineering
approach is a state-space search algorithm. Given an in-
put metabolite, this algorithm finds the optimal biochem-
ical pathway to the target compound. We have described
the general algorithm in some depth elsewhere (McShan,
Rao, & Shah, 2003). Here, we will focus on the aspects
of the algorithm, which are useful for metabolic enginee-
ring.

2.1. The search algorithm

A* (“A-star”) search is a well-known algorithm for finding
an optimal path in a graph. It works by exploring states (or
nodes in a graph) in a breadth first manner according to a
cost function:f(n) =g(n) +h(n). In the cost function,n is a
state (also called a node),f(n) is the estimated cost of the
cheapest solution throughn, g(n) is the path cost from the
start state to staten. The heuristic,h(n), is the estimated
cost of the cheapest path fromn to the goal. In addition
t *
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g
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arbad & Gasson, 1998), and the relevant enzymes ha
een isolated from them. Since the genome forV. planifo-
ia has not been sequenced, these microbial enzymes c
seful for analyzing potential de novo vanillin biosynth
athways.

The biotechnological production of vanillin (for a d
ailed review please see (Priefert et al., 2001; Walton, Nar
ad, Faulds, & Williamson, 2000) has focused on the bi

ransformation of complex feedstocks like phenolic
enes (Dawidar, Ezmiriy, Abdel-Mogib, el Dessouki, & An
awi, 2000; Gill, Bajaj, Chang, Nichols, & McLaughlin
987; Murcia & Martinez-Tome, 2001) and eugenol (Brandt,
hewes, Overhage, Priefert, & Steinbuchel, 2001; Chen
hmiya, Shimizu, & Kawakami, 1988). On the other hand

he relevant literature for the de novo biosynthesis of van
s scarce. We were only able to identify a1996 review
y Berry as elucidated byPriefert et al. (2001)for geneti-
ally engineeringEscherichia colito produce aromatic com
ounds. The pathway discussed by Berry is illustrate
ig. 1 and the transgenic strategy is outlined inTable 1.

n this paper, we describe our algorithm to elucidate th
ovo synthesis of vanillin using publicly available inform
o being both optimal and complete, Ais also optimally
fficient. This means that no other optimal algorithm
uaranteed to expand fewer nodes than A* (Dechter &
earl, 1985). Our implementation of A* is similar to the
ne given byRussell and Norvig (1995)and our algorithm

s described in Algorithm 1. We specialize A* for pathway
earch by abstracting metabolism as a graph in whic
tates are compounds and the arcs are biotransforma
our main constructs enable us to search for meta
athways. First, we define biochemical “successors”
olecule. Second, we develop a heuristic, or an oracle

he “distance” between any molecule and the final prod
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Third, we chose an evaluation function for evaluating
the optimality of alternative pathways. Fourth, we define
the condition that terminates the search on reaching the
final product. Each of these concepts and their implemen-
tation are described in greater detail in the following sections.

Algorithm 1. Best-first search algorithm with heuristic to
find pathway, from input compoundx0 to xL. The search op-
timizesf, wheref is the total path cost. The heuristic uses an
estimate off defined asf=g+h whereg is the cost of the
path so far, andh is the estimate to the goal,xL. Each trans-
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for the successor, and the metrics are stored with thereaction
and thecompound. The successor node,n′ is then pushed
onto the stack of nodes to explore,N. Once all the succes-
sors are expanded, the list is resorted according to the node’s
estimated total cost,f. Once the list of nodes to expand is ex-
hausted, unless a pathway is found, the algorithm ends, and
returns no pathway.

2.2. Compound successors: known and novel
biotransformations

The purpose of calculating successors is to generate the
biocatalytically possible “next steps”, or products, from any
given compound. The implementation of this function takes
a compound as an input and produces a list of pairs of bio-
transformations and output compounds. We can compute the
successors of a given compound in two ways. First, by using
the information about the action of enzymes on known com-
pounds and the products of these reactions from in public
databases. Second, by the prediction of novel biotransforma-
tions. We use two main sources of metabolic data: KEGG and
MetaCyc. In the current work, we used the KEGG database
for its breadth of organisms.

A critical issue in pathway search is dealing with the com-
binatorial explosion due to the large number of potential
successors for each compound. If we restrict the successors
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ormation in the pathway has an edge cost,e. At the goal
= ∑i=L

i=0 ei. This algorithm will always return the optim
ost path in terms off if h always underestimates the act
ath-cost from the current node to the goal. The algor
egins by adding the input node,X0 toN, the queue of node

o be expanded. The first node on the list is popped off
tored inn. The pathway to that node is stored inP0,L. If
0,L meets our goal test, then we return the pathway an
lgorithm is done. If not, we then generate successor

he current node, returned as pairs of the reaction tha
orms the biotransformation and the compound to which
urrent node is transformed. The edge-cost,e, of the biotrans
ormation is computed, as is the estimated distance from
uccessor node to the goal node,h. From these values, a
he pathway cost so far, we are able to compute the estim
otal path length for the continuation of the current pathw
0,L through the successor node. A new node,n′, is created

able 2
ilters used in PathMiner to limit the number of successors generated

ilter

EGG
EGG-directional
eiaCyc
void
oenzyme
rivial

norganic
urrency
rganism
nnotated
ased on the curated information for the known biotran
ations of compounds then there are around ten succe

or each compound. Since the known enzyme-catalyzed
hemistry is only a small subset of what exists in nat
here are many more biochemical successors of any
ompound. To predict novel products of the action of an
yme on a given compound we are developing an algor
o predict completely novel biotransformations based
hemical graph–theoretical approach. While this appr
an identify completely novel pathways, it is computat
lly intractable due to the order of magnitude increas

he number of successors of each compound. The heu
earch approach we present in this paper is equally po
ul for harnessing the computational complexity of de n
athway prediction.

Another useful supplement for curtailing the compu
ional complexity due to the large number of success

Description

Only generate transformation from KEGG
Only use the transformation directions annotated in KE
Only generate transformation from MetaCyc (TBD)
Specific avoid (compounds, reactions, enzymes, geno
Ignore coenzymes
Ignore trivial molecules (H2O, CO2, NH3, etc.)
Ignore successors which do not have carbon
Ignore “currency” molecules (ATP, ADP, NADPH, etc.)
Only use enzymes from a particular organism
Only use enzymes which are annotated with genes
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Table 3
Edge costs implemented in PathMiner

Edge cost Description

Chemical Cost of adding/removing atoms or bonds from current node,n−1, ton
Step Cost per step
Unannotated Cost of using an enzyme not annotated with an organism
Transgenic Cost of using an enzyme organism not already in pathway
Kingdom Cost of using an enzyme from a different kingdom
Xenogenice Cost of using an enzyme not inΩ

Elemental Cost for change in a particular element (i.e. carbon)
Successors Cost for # of successors product node has inΩ (flux loss)
Organic reactant Cost for # of precursors product node has
Organic product Cost for other organic products
Specific reactant Cost for using a particular reactant (i.e. ATP)
Specific product Cost for producing a particular product

which may generated either from a metabolic database or
by de novo prediction, is a set of filters shown inTable 2.
Despite these filters, the combinatorial growth of the search
space is still exponential. As a result, breadth first search is
computationally intractable for pathways longer than around
ten steps.

2.3. The heuristic evaluation function

In order to control the combinatorial complexity of path-
way search we use a biochemical heuristic evaluation func-

F tates,
t
p
l
n
p

tion, h. It can be shown that A* is complete, optimal, and
optimally efficient if the heuristic isadmissible.An admissi-
ble heuristic is one in whichh* (n) −h(n) ≥ 0, in whichh* (n)
is the actual cost from the state,n, to the goalngoal. The
heuristic is admissible if it never overestimates the pathway
cost between two states. The condition for sub-exponential
growth is|h(n) − h∗(n)| ≤ O(logh∗(n)).This means that the
deviation of the heuristic from the actual distance must be
minimized for efficient search.

We have developed the notion of biochemical distance
(McShan et al., 2003) as a useful heuristic for metabolic
search. This distance metric is based on a mapping of all
compound states into a multidimensional feature space,C.
The dimensions ofC are defined by the atoms and bonds of
biomolecules. We then use the Manhattan distance between
two molecules inC as the heuristic for pathway search. For
any two compounds, we define this distance asd(c1,c2). By
optimizing this distance, we derive a pathway that effectively
reflects the minimum number of chemical changes from the
starting compound to the final compound. This is the chem-
ically most parsimonious pathway. In general, we find that
the biochemical distance metric is a very efficient heuristic
because it consistently outperforms breadth first searching
by two orders of magnitude. It is also important to note that
we can use the concept of heuristic search to optimize com-
p sible
h

2

tric
f ical
c hway
i ren-
t . To
e d
ig. 2. Combinatorial complexity. This figure illustrates the expanded s
he pathways, and the worst-case breadth-first search time as a function of
athway length. While the number of states increases linearly with path

ength, the number of pathways, and hence the search time, increases expo
entially. The logarithmic regressions are shown where the abscissa is the
ath length.

a s. We
p ost”
f cost
a h. For
-

letely different cost models, provided they use an admis
euristic.

.4. Preferring biotransformation: edge-cost

The chemical optimality of a pathway is a useful me
or identifying a feasible metabolic route but other pract
onsiderations can be more relevant to engineer a pat
nto a host. For example, PathMiner can allow the prefe
ial selection of alternative enzymes for a transformation
ngineer a pathway inE. coli, it may be preferable to fin
pathway that requires the least heterologous enzyme
rovide this knowledge to the algorithm via the “edge-c

unction. This is called the edge-cost because it is the
ssociated with an edge in the state-space search grap
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Table 4
Multiple pathway table

Table of compounds and enzymes forFig. 3. Circles indicate metabolites, arrows indicate enzymes,⇓ arrows indicate the enzyme is in the genome,↓ arrows
indicate that the enzyme is not in the genome. Pathway 1 is in the “universal network” using enzymes from all organisms in KEGG. Pathway 2 usesB.melitensis
as a host, pathway 3 usesS. coelicolor, pathway 4 usesE. coli, and pathway 5 usesA. thaliana.

compoundsc1 andc2, the edge-cost is denoted bye(c1,c2). To
maintain the admissibility of the heuristic, the actual cost of
an edge cannot be negative. That is, a pathway cost cannot be
“rewarded”; but it can be “penalized”. In above example, to
prefer a pathway with enzymes fromE. coli rather than other
hosts, the use of a heterologous enzyme in a transformation
is penalized with a positive contribution toh.That is, we use
the chemical distance as the baseline cost, and add positive
cost penalties to it. This guarantees that the actual cost is al-
ways less than the heuristic and satisfies the requirement of
admissibility. Consequently, a pathway that uses onlyE. coli
enzymes will have a lowerh than one requiring heterologous
genes, rendering it more optimal.

Since PathMiner has the complete genomes of over 100
organisms, one of its strengths is discovering transgenic path-
ways. Yet there are many practical issues in introducing and
expressing multiple genes from different organism into a sin-
gle host. If a specific host is desired, then PathMiner can asso-
ciate a cost with the addition of enzymes that are not endoge-
nous to the host. This is extremely useful when a metabolic
engineering project is targeted to a specific host. As discussed
below, if a host has not yet been selected, PathMiner can make
some suggestions about an appropriate choice.

While the chemical distance is an extremely useful mea-
sure of cost, our framework also allows the utilizations of
other cost models. In order to retain the guarantee of com-
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Table 5
Biochemically optimal pathway for vanillin synthesis

EC Enzyme Compound f g h |Ω|
�-d-Glucose 22

5.3.1.5 Xylose isomerase Levulose 22 0 22 26
2.7.1.1 Hexokinase �-d-Fructose-6-phosphate 42 10 32 69
2.2.1.1 Transketolase d-Erythrose 4-phosphate 52 29 23 111
2.5.1.5.4 3-Deoxy-7-phosphoheptulonate

synthase
3-Dexoy-arabino-heptulonate
7-phosphate

80 49 31 98

4.2.3.4 3-Dehydroquinate synthase 5-Dehydroquinate 84 66 18 97
4.2.1.1.1 Phosphopyruvate hydratase 3-Dehydroshikimate 86 74 12 222
4.2.1.1.0 3-Dehydroquinate dehydratase Protocatechuate 94 84 10 104
4.1.1.6.3 Protocatechuate decarboxylase Catechol 104 92 12 0
1.3.1.5.5 cis-1,2-Dihydrocyclohexa-3, 5-diene

1-COOH dehydrogenase
cis-1,2-Dihydroxycyclo-3,
5-diene-1-COOH

112 104 8 0

1.1.4.1.2.1.0 Benzoate 1,3 dioxygenase Benzoate 122 114 8 1
1.1.4.1.3.1.2 Benzoate 4 monooxygenase 4-Hydrozybanzoate 126 118 8 0
4.1.1.1.6.1 4-Hydroxybenzoate decarboxylase Phenol 138 126 12 1
4.1.9.9.2 Tyrosine phenol lyase 1-Tyrosine 160 148 12 3
4.3.1.5 Phenylalanine ammonia lyase 4-Coumarate 164 158 6 2
1.1.4.1.8.1 Monophenol monooxygenase trans-Caffeate 170 162 8 5
2.1.1.6.8 Caffeate-o-methyltransferase Ferulate 180 170 10 0
6.2.1.3.4 trans-Feruloyl-CoA synthase Feruloyl-coA 510 335 175 0
4.2.1.1.0.1 trans-Feruloyl-CoA hydratase 3-OH-3,4-OH-3-

methoxyphenylpropionyl-CoA
524 343 181 0

4.1.2.4.1 Vanillin synthase Vanillin 524 524 0 0

The algorithm is attempting to minimizef, the estimated pathway length.f=g+h, whereg is the exact path length so far, andh is the heuristic estimate of the
distance to the goal. Bothg andh are computed using distance in chemical space,C. The number of organisms which code for each enzyme is represented by
|Ω|, and shown in the last column. Finally, the net equation is provided, including all side compounds.

pleteness and optimality for A* , however, one must maintain
the admissibility ofh. That is,hmust always underestimate
the actual cost. Since it can be difficult to find heuristics for
other costs, we use the heuristic above,h(n) =d(n,nend), and
let e(n1,n2) =d(n1,n2) +

∑
ei(n1,n2) whereei(n1,n2) are the

other metrics we wish to optimize. We have successfully use
this approach to minimize the use of heterologous enzymes
in predicted pathways (Table 3).

2.5. Terminating the search: goal-test

The pathway search terminates when the final product has
been synthesized. This is accomplished by the goal-test func-
tion, which evaluates the pathway to determine if a solution
has been found. The simplest goal-test is a comparison of
the last compound in the pathway with the desired product.
We can also specify additional pathway selection criteria like
path length, maximum pathway cost, maximum number of
heterologous enzyme, and presence or absence of a specific
intermediate.

3. Results and discussion

Using heuristic search PathMiner was able to computa-
t yn-
t e
K hing

through the pathway maps). This produces a 19-step path-
way as shown inTable 4. Given the magnitude of the search
space, automatically identifying this pathway is a very im-
portant result. An alternative pathway search engine from
KEGG, called PathComp (Ogata, Goto, Fujibuchi, & Kane-
hisa, 1998), is unable to return a solution for this search.
This is probably because it implements a breadth first search
algorithm, which suffers from the combinatorial explosion
mentioned above. Based on the exponential nature of the
time complexity encountered in pathway search observed in
Fig. 2(tms= 0.31× 4.7419 = 1× 1013 ms = 67.5 years), it can
take up to 70 years to explore all of the pathways with a length
of 19 steps using a standard breadth-first search method. Path-
Miner takes about 18 s to find the optimal solution, which
is a speedup of 108. As knowledge of biotransformations
grows, the time complexity of predicting biochemical routes
increases exponentially making intelligent search a necessary
tool for in silico pathway engineering (Table 5).

With this 19-step predicted pathway for de novo vanillin
synthesis in hand, PathMiner can also aid in designing a
metabolic engineering strategy through a number of tools.
First, it can identify a suitable host for engineering this path-
way. It accomplishes this by sorting the list of all known or-
ganisms by the number of genes they have for encoding the
enzymes in the desired pathway. For vanillin synthesis this
turns out to be a tie betweenBrucella melitensisandStrep-
t ch
o osts,
t e
ionally derive a metabolic strategy for the de novo s
hesis of vanillin from d-glucose inE. coli. We used th
EGG annotation of transformations (essentially searc
omyces coelicolorwith eight of the genes present in ea
rganism. Though these organisms are not common h

hey can be worth considering.E. coli0157 has seven of th
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Fig. 3. Multiple pathways from�-d-glucose to vanillin. Universally biochemically optimal pathway. Pathways fromB. melitensis, S. coelicolor, E. coliandA.
thalianaare overlapped. Precise pathways and enzymes are given inTable 4. The pathways are broken into three segments and enlarged for readability.

necessary genes, and the transgenic strategy for this pathway
is shown inTable 6. It would take seven heterologous genes
to transforml-tyrosine to vanillin via ferulate. This pathway
has been discussed at great length in the literature (Priefert et
al., 2001; Walton et al., 2003) andV. planifoliauses a variant
of this pathway. However, the genes encoding the enzymes
for the biotransformation of ferulate to vanillin are not an-
notated in KEGG. This is not surprising since KEGG only
contains the annotations for gene from complete genomes.
One of the advantages of KEGG and MetaCyc is that they
maintain literature references indicating which the organisms
that have been observed to code for these enzymes.

The optimal pathways for several other host options are
illustrated inFig. 3andTable 4.

One of the features of PathMiner is its ability to interac-
tively search for pathways. One such features is the ability
to control the directionality of biotransformations. When we
relax the constraint on the directionality of transformations
from KEGG we find a biochemically optimal pathway from
�-d-glucose to vanillin through protocatechuic acid. This is
a much shorter route, and is a compelling result because it
is the only known example of de novo synthesis of vanillin
from glucose inV. planifolia(Priefert et al., 2001).PathMiner
suggests thatB. japonicumhas the distinction of “best host”

Fig. 4. Lignin degradation to vanillin. The KEGG database does not have the chemical structure for lignin.
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Table 6
Transgenic strategy for de novo vanillin synthesis inE. coli

E. coli+

Organism Genes Enzyme

M. loti MAFF303099
S. meliloti 1021 +tyrC Cyclyhexadienyl dehydrogenase
. . .

A. thaliana +AT2G37040 Phenylalanine ammonia lyase
H. sapiens,M. musculus, D. melanogaster, etc. +tyr Monophenol monooxygenase

*Soybean, spinach ? Caffeate o methyltransferase

*P. fluorescensAN103 (Narbad & Gasson, 1998) ? trans-Feruloyl CoA synthase
S. viridiosporus(Pometto & Crawford, 1983)

*P. fluorescensAN103 (Narbad & Gasson, 1998) ? trans-Feruloyl CoA hydratase
S. viridiosporus(Pometto & Crawford, 1983)

*P. fluorescensAN103 (Narbad & Gasson, 1998) ? Vanillin synthase
S. viridiosporus(Pometto & Crawford, 1983)

The last four steps are unannotated with a gene in KEGG. However, the enzyme entries do have a literature reference.

for this pathway. This pathway is nearly identical to the only
de novo strategy we were able to identify in the literature as
discussed above and illustrated inFig. 1.

While both pathways can be validated by literature, why
do the two transformation methods give very different re-
sults? If we use the KEGG annotation of transformations,
we find a 19-step pathway through ferolic acid. This is be-
cause reactions in KEGG do not include the transformation
of protocatechuate to vanillin. The reaction is annotated as
bidirectional “⇔”, but only the reverse transformation from
vanillate to protocatechuate is annotated in KEGG. If we re-
lax the directionality constraint, we are then able to trans-
form protocatechuate⇒ vanillin via vanillate demethylase.
However, theE. coliengineering discussed in literature used
catechol-o-methyltransferase (EC 2.1.1.6) and not the vanil-
late demethylase (EC 1.2.3.12) described in our pathway so-
lution.

We rationalize relaxing the directionality because there
are large amounts of missing annotation in the metabolic
databases, and most biotransformations are reversible
(though this may involve different enzymes). This turns out
to be a valid assumption in this case as vanillate demethylase
catalyzes demethylation or monohydroxylation with a va-
riety of different aromatic substrates (Morawski, Segura, &
Orgnston, 2000). Ultimately, this is a limitation of the annota-
tion: PathMiner would use the catechol-o-methyltransferase
i e
g but it
i sible
f illic
a

ach.
T ngi
f r
u
L atic
c yn-
t l ox-

idation of lignin (Clark, 1990). In KEGG, lignin only occurs
in the context of “Flavonoid, Stilbene and Lignin Biosyn-
thesis” as a terminal product (i.e., all transformations lead
to lignin but none use it as a precursor). As a result, Path-
Miner cannot find a pathway from lignin to vanillin. On the
other hand, if we relax the directionality, a quick pathway
search from lignin to vanillin finds the pathway from lignin
through coniferol, shown inFig. 4, which is converted to
coniferyl aldehyde (ferulaldehyde) that joins the above path-
ways at ferulate. While the white-rot fungi are not genom-
ically annotated, we can find a pathway based on literature
curation.

While literature curation is vital for this process, it is not as
useful for developing a specific metabolic engineering strat-
egy. As more organisms are sequenced the corresponding
genomic annotation will be increase and we will be able to
utilize it in pathway elucidation.

4. Conclusion

We have demonstrated how a heuristic search algorithm
can elucidate a transgenic strategy for metabolic engineering
of vanillin from d-glucose using the KEGG database. The
pathway is 19 enzymatic steps in length, and as such it cannot
be solve by other computational approaches. The chemical
s y de-
fi ore
a are an-
n the
m

A

isu-
a nal
S f En-
f it was annotated. KEGG does have catechol-o-demethylas
enes in the human, the mouse and the rat genomes

s not functionally characterized as an enzyme respon
or the biotransformation of protocatechuic acid to van
cid.

We are not limited to just a de novo fermentation appro
here is, for example, a reported pathway in white rot fu

or the degradation of the guaiacyl-glycerol-�-coniferyl ethe
nit of lignin o vanillin (Ishikawa, Schubert, & Nord, 1963).
ignin is one of the most abundant natural sources of arom
ompounds, and it is an obvious source for vanillin bios
hesis. In fact, there is already a process for the chemica
pace heuristic with cost penalties allows us to precisel
ne the criteria that are important for our solution. As m
nd more genomes are sequenced, and novel enzymes
otated, PathMiner will become increasingly useful for
etabolic engineering community.
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