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Abstract. We propose a computational method for reconstructing me-
tabolic networks. The method utilizes optimization techniques and graph
traversal algorithms to discover a set of biochemical reactions that is most
likely catalyzed by the enzymatic genes of the target organism. Unlike
most existing computational methods for metabolic reconstruction, our
method generates networks that are structurally consistent, or in other
terms, gapless. As many analyses of metabolic networks, like flux bal-
ance analysis, require gapless networks as inputs, our network offers a
more realistic basis for metabolic modelling than the existing automated
reconstruction methods. It is easy to incorporate existing information,
like knowledge about experimentally discovered metabolic reactions or
metabolites into the process. Thus, our method can be used to assist in
the manual curation of metabolic network models as it is able to suggest
good candidate reactions for filling gaps in the existing network models.
However, it is not necessary to assume any prior knowledge on compo-
sition of complete biochemical pathways in the network. We argue that
this makes the method well-suited to analysis of organisms that might
differ considerably from previously known organisms. We demonstrate
the viability of our method by analysing the metabolic network of the
well-known organism Escherichia coli.

1 Introduction

Structural models of cellular metabolism have proven to be very successful in an-
swering many relevant biological research questions. The global organization of
the metabolism can be discovered from the structural models [10]. In constraint
based modelling of the metabolism [5, 32, 35–37, 27], phenotypic behaviour, ro-
bustness and metabolic capabilities of an organism are analysed based on the
structural models.

The process of creating a metabolic network model corresponding to the
genome of the organism under study is called metabolic reconstruction [17]. In
order to reconstruct a structural model of metabolism a complete set of metabolic
reactions operating in the organism has to be discovered. These reactions define
the topology of an intertwined metabolic network, as the reactions are connected
to each other by common substrate and product metabolites.



The most common method for reconstructing the structural model of a
metabolic network is based on the combination of functional annotation of
metabolic genes in the target organism by sequence similarity and manual utiliza-
tion of literature information [13]. In the first technique, the functions of known
enzymatic genes in a database are assigned to homologous genes in the target or-
ganism, thus adding the corresponding enzymatic reactions to the reconstructed
metabolic network [17]. Knowledge on metabolic function annotation can also
be derived from other sources, such as chromosome clustering [18], detection of
protein fusion events [29], occurrence profiles [39], phylogenic profiles [7], and
regulons [30]. The metabolic network is then curated by manually adding exper-
imentally verified reactions and by fixing the observed inconsistencies.

A reaction gap is the most common example of an inconsistency in the re-
constructed metabolic network [31]. A reaction gap occurs, when substrates of
an internal reaction cannot be produced from the external substrates of the net-
work. In constraint based modelling of metabolism, reaction velocities, or fluxes,
in the metabolic network are explicitly modelled. As pathways with gaps cannot
carry any flux in steady state conditions, the most accurate results are obtained
when the analysis techniques are applied with gapless models.

Manual curation and gap-filling of genome-scale metabolic networks consist-
ing of hundreds, even thousands of reactions is, however, very time-consuming
and error-prone [16]. But, because of the indisputable usefulness metabolic net-
work models in system-wide biological studies, manual curation of metabolic
networks is considered to be worthwhile for the ever increasing number of or-
ganisms ranging from simple bacteria to mammalian cells [6, 24, 12, 13, 11, 34].
Unfortunately, most reconstructed models still contain some gaps even after the
manual curation.

Many computational methods and tools have been developed to assist the
metabolic reconstruction and curation of genome-scale metabolic network mod-
els. For instance, the Pathway Tools software reconstructs metabolic networks
by first determining how large portion of the enzymes of each pathway in a
pathway database are present in the organism [23]. This is done by comparing
a list of EC numbers given as input to the program against the EC numbers
in the MetaCyc pathway database. EC numbers specify a functional classifica-
tion of enzymatic activity [22]. Then the presence of each pathway is predicted.
Roughly, the more enzymes appear to be present, the more confident we are that
the pathway exists.

As a drawback, Pathway Tools cannot recreate truly novel subnetworks, as it
is limited to the pathways in its database. The studies of central pathways such
as TCA cycle, pentose phosphate pathway and glycolysis in microbial metabolic
networks have indicated that the structure of these pathways varies in many or-
ganisms, from the textbook definition [9]. Thus, it is useful not to let hard-coded
definitions of pathway structures based on previous knowledge affect the predic-
tion of pathways in excess in newly sequenced organisms. In addition, Pathway
Tools incorporates a second phase, where gaps left from the first phase are filled.
The method is called the Pathway Hole Filler, which is a Naive Bayesian clas-



sifier combining evidence from genome structure such as chromosome clustering
and others [19]. It predicts for each enzyme that was missing from the original
reconstruction whether it should be added to the metabolic network.

Recently, an optimization based method called GapFill for filling gaps in a
draft metabolic network was introduced by Kumar et al. [28]. In the method gaps
are first discovered, then filled one by one by adding reactions to the network
or by adding reverse directions for unidirectional reactions in the model (see
Section 4 for a more detailed comparison to the present method).

It has been observed that reconstruction benefits from having multiple data
sources combined [25]. In the approach of [26], experimental data is combined
with the knowledge on metabolic network structure. By assuming that the genes
encoding for enzymes on the same pathway are co-regulating, they try to find
similarly expressed genes which could then be annotated with enzymatic func-
tions on the same pathway. In [21], a draft metabolic network is automatically
curated by minimizing the difference between the experimentally determined
metabolic fluxes and the fluxes estimated by the flux balance analysis.

In the present paper, we introduce a new computational method for assisting
in the task of metabolic reconstruction. In the method, optimization techniques
and graph traversal algorithms are utilized to find a set of biochemical reac-
tions that is most likely catalyzed by the genes of the target organism. The
resulting network is guaranteed to be gapless, that is, each reaction in the re-
constructed network is connected with a feasible metabolic pathway to external
source metabolites, such as glucose. Thus, our method is able to provide fea-
sible suggestions that are backed by the genomic evidence about the topology
of the reconstructed metabolic network . This should significantly speed up the
curation of metabolic network models. Our method does not assume any ex-
isting knowledge on specific pathways. In other words, pathway collections or
logical rules coding pathway information are not needed. However, it is possi-
ble to utilise easily information about known reactions and metabolites to aid
in the reconstruction process. For example, knowledge about experimentally ob-
served metabolites and reactions can be easily exploited in the framework. Thus,
the framework can be used both to produce ab initio reconstructions from the
genome sequence data, as well as to fill the gaps in a draft model of a metabolic
network.

To the authors’ best knowledge, the presented method is the only compu-
tational technique for metabolic reconstruction that integrates the requirement
for structural consistency and the search of reactions that are most likely to be
catalyzed by the enzymes of the target organism to a single, global optimization
task.

2 Methods

We formulate the metabolic reconstruction problem formally in the optimization
context, a setting popular in the analysis of reconstructed metabolic networks
[5, 32]. We start by introducing first the key concept of reaction reachability, and



then define metabolic reconstruction as the problem of finding a set of reachable
reactions that is likely catalyzed by the genes of the target organism. Finally,
a formulation in a mixed integer linear programming framework to solve the
problem is given.

2.1 Reaction reachability

Informally, a reaction gap occurs, when the metabolic network model is unable
to supply all substrates of some reaction in the network. The model obviously
contains an error: either the reaction in question should be removed, or the
network should be modified to be able to provide the substrates.

We give a formulation of this idea by looking at reachability in an and-or-
graph corresponding to the metabolic network under study [33]. In this context,
we relate reactions with and-nodes and metabolites with or-nodes. Particularly,
a reaction ri = (Ii, Pi) is specified by its substrates Ii and products Pi. We then
investigate whether reactions can be reached in the network using the following
rules, given network input metabolites A. The input metabolites A correspond
to the nutrients of the organism under study. A typical example of inputs would
include glucose as the carbon source.

– A reaction ri = (Ii, Pi) is reachable from A in R, if each metabolite in Ii is
reachable from A in R.

– A metabolite m is reachable from A in R, if m ∈ A or some reaction rj =
(Ij , Pj) such that m ∈ Pj is reachable from A in R.

We want all reactions in the reconstructed network to be reachable. This
corresponds to not having any reaction gaps in the network.

Definition 1 (Feasible metabolic network). A metabolic network consisting
of reactions R is called feasible with respect to the source metabolites A, if and
only if all reactions r ∈ R are reachable from A in R.

We will now formulate the discovery of the largest feasible network consisting
of reactions in R with respect to source metabolites A as a linear programming
problem. This formulation will be then utilized in the metabolic reconstruction.
By vi we denote the rate, or flux of reaction ri in the network. In other words,
vi models the activity of reaction ri. Now, the reachability of metabolites in the
network can be coded by two constraints on their fluxes. The first constraint
requires that the production of each metabolite not in A is equal or greater than
its consumption, ∑

i

δijvi − tj ≥ 0, (1)

where δij is −1, 1 or 0 depending on whether reaction ri consumes, produces
or does not use metabolite mj , vi ≥ 0 is the rate of reaction ri and tj ≥ 0 is
the rate of the dilution reaction of metabolite mj . The dilution reactions are
required to ensure that there will be no cycles which are not connected with a
path to network inputs A.



This is achieved by constraints requiring that whenever a metabolite mj

is produced by at least one reaction, the flux of the dilution reaction for that
metabolite must be greater than zero,

tj ≥ α
∑

i∈P (mj)

vi, (2)

where P (mj) is the set of reactions producing metabolite mj and 0 < α < 1.
To see that metabolite dilution reactions ensure that there will be no cycles

which are not connected to network inputs A, consider a cycle with reaction
rates vi > 0. Then, as the influx of some metabolite mj would be greater than
zero, also the corresponding dilution reaction flux tj > 0. Since this dilution
reaction participates to the steady state constraint of metabolite mj , only a
part of the flux to mj can be used in fluxes leaving mj . Thus, as all metabolites
are constrained by (1), all reaction rates vi (and tj) in the cycle have to be zero.

We can find all reachable reactions in the network by maximising
∑

ri∈R vi

under the above constraints: the reaction ri is reachable if and only if vi > 0.

2.2 Metabolic reconstruction problem

Next we formulate metabolic reconstruction as a mixed integer linear program-
ming problem involving the choice of reachable reactions to maximise a given
score function over the reactions.

Problem 1 (Metabolic reconstruction). Given a set of reactions R, a set of input
metabolites A, a threshold value b, and a score function fb : R → R, find a
subset R of R such that

1. Fb(R) =
∑

r∈R fb(r) is maximized and
2. the metabolic network with reactions R is feasible with respect to inputs A.

The corresponding mixed integer linear programming problem is the follow-
ing.

Problem 2 (Metabolic reconstruction MILP).

max
x

∑
ri

fb(ri)xi

such that
1
N

xi ≤ vi (3)

vi ≤ Mxi, (4)∑
i

δijvi − tj ≥ 0, (5)

tj ≥ α
∑

ri∈P (mj)

vi and (6)

xi ∈ N (7)



where xi ∈ {0, 1} specifies whether reaction ri is included in the result, N and
M are appropriately large numbers, 0 < α < 1, vi is the rate of reaction ri, tj is
the dilution reaction rate corresponding to metabolite mj and P (mj) is the set
of reactions producing metabolite mj .

Values for xi, vi and tj are chosen during the optimization, while N , M and
α are constants. Constraints (3) and (4) require that xi = 0 ⇔ vi = 0. Reaction
cycles not connected to network inputs are disallowed with constraints (5) and
(6).

2.3 Reaction and network scores

We derive scores fb for reactions from the sequence homology evidence from the
genome of the organism under study as follows. The score fb(r) for the reaction
r is the homology score corresponding to the best match for a sequence in the
target genome and a sequence which already has reaction r as its functional
annotation. In other words, scores fb can be calculated with

fb(r) = max
s∈G

max
t∈Ur

S(s, t)− b, (8)

where s is a sequence in the genome G of the organism under study and t is
a sequence chosen from the set of sequences Ur annotated with reaction r in
the protein database. Function S(s, t) gives the degree of sequence similarity for
sequences s and t; in this study, we use BLAST [2], the mainstay sequence search
tool in bioinformatics.

We score a network simply as the sum of scores of reactions R of the network,

Fb(R) =
∑
r∈R

fb(r).

The threshold parameter b > 0 specifies a value dividing reactions into two
groups. Reactions with a positive score fb(r) bring positive contribution to the
overall network score Fb(R). Thus, if we would not require that all reactions are
reached from inputs, the optimization process would add all such reactions to
the result, while leaving every reaction with a negative score out. In particular,
the optimization may include a reaction with fb(r) < 0 to the network only if
the addition makes possible with respect to the feasibility constraint to add also
reactions giving positive contribution to the score.

2.4 Divide-and-conquer approach

Unfortunately, the exact formulation of the above reconstruction problem is
computationally infeasible for genome-scale instances. To tackle with the com-
plexity, we revise the formulation by dividing the original problem into smaller
subproblems and solving the subproblems individually. By this heuristic divide-
and-conquer approach, we are able to solve realistic genome-scale instances. The
central idea is to first find a good acyclic path that will be augmented into a
feasible pathway, and repeat the process until we are satisfied with the outcome.



We first generate a random acyclic path P = (r1, . . . , rn), ri ∈ R, starting
from a randomly chosen source metabolite a ∈ A. The next reaction ri+1 on the
path is selected by taking a random reaction that consumes a random product
of ri while ensuring that the path stays acyclic. Additionally, we require that
dR(A, ri+1) > dR(A, ri) for all reactions on the path, where dR(A, r) is the
production distance from metabolites A to reaction r in the network R [33].
The production distance is the smallest diameter taken over all minimal feasible
pathways from A to r, while diameter of a pathway is the length of the longest
acyclic path in the pathway. In effect, the distance dR(A, r) is the minimum
number of successive reactions needed to convert metabolites A into products
of the reaction r. If dR(A, r) is defined, then there exists a feasible pathway
connecting A to r. Finally, we take the longest path P ′ = (r1, . . . , rk), 1 ≤ k ≤ n,
such that the path score is positive,

∑
1≤i≤k fb(ri) > 0.

We then augment this initial path P ′ by adding all acyclic paths which start
from sources A and end in some reaction r ∈ P ′, requiring that a product of each
reaction ri ∈ P ′, 1 ≤ i < n, is a substrate to the subsequent reaction ri+1 ∈ P ′.
Again, we require that the production distances of the reactions added increase
from sources to reaction r. This is done to restrict the potentially very large
search space while still ensuring that the reactions in pathway P ′ can be made
feasible by the reactions in these acyclic pathways. Such paths can be found by
backtracking from reactions ri ∈ P ′ towards reactions with smaller production
distances until a source metabolite is found.

The reactions on the augmented pathway then comprise the reaction set R
of the Metabolic Reconstruction Problem 1. The problem is formulated as a
Problem 2 instance and solved. We obtain a result pathway that is feasible with
respect to sources A. Further, the pathway is an optimal subset of the augmented
pathway.

We repeat the above process of generating and augmenting an acyclic path
for a fixed number of iterations, adding the metabolites on the previous result
pathway to the set of source metabolites for the generation of the next pathway.
Since each metabolite added to sources A is reachable from the initial sources,
each successive pathway generated is also feasible. Finally, we take the union of
all generated feasible pathways to be the final result.

2.5 Coding of reaction and metabolite evidence

The above method allows for use of pre-existing knowledge of metabolic reactions
and metabolites. If we have evidence that a particular enzyme operates in the
cell, we can set a constraint to the optimisation problem stating that the reaction
has to be present in the solution. Consequently, the reconstructed model would
then contain both the reaction and a good-scoring combination of reactions
needed to make the network with the added reaction feasible. In the same way
evidence on the existence or absence of metabolites can be encoded into the
optimisation problem. Such evidence is available via metabolomics experiments,
for example.



Particularly, we can take a known metabolic network as a starting point and
find best-scoring reactions to add to fill the gaps in the network. This initial
network could be for example derived from sequence homology evidence, or be
the result of further manual curation. In this way, our method would serve as
an additional tool in aiding the curator.

In practice, however, we do not set a hard constraint for reaction existence
as described above. Instead, the reaction is rescored to a high value and the
optimisation problem is solved. If a reaction can be feasibly connected to the
network, the solver adds a good-scoring pathway which precedes the reaction to
the network. On the other hand, if the reaction cannot be feasibly connected,
the solver returns a solution model that does not contain the reaction. In the
formulation above, the solver would simply state that the problem is unsolvable,
which is not desirable.

3 Experiments

We implemented our divide-and-conquer method, denoted SCAR for Struc-
turally Consistent Automatic Reconstruction, as a script-driven program. A
Python [38] script is used to generate subproblem instances for the optimiser.
The mixed integer linear programming solver lp solve [3], licensed under LGPL,
was used to solve the individual subproblems. The Python script merged the
results from solved subproblems as the final result.

To test our method, we reconstructed a feasible metabolic network for the
well-known organism Escherichia coli from genome data. In particular, we were
interested in seeing whether the feasibility constraint that was enforced in the
reconstruction would cause the method to drop metabolic reactions which were
known to be present in the metabolism.

We downloaded the E. coli K12 protein sequences from NCBI with the ac-
cession number U00096 [4, 14]. There were 4331 coding subsequences (CDS) in
total. As the enzyme database, we used UniProt version 9.3 [8] which contained
250296 protein sequences. We looked for the substring “(EC x.x.x.x)” in the tex-
tual description given for each sequence to find out which enzyme each sequence
coded for. In this way, we obtained 101137 sequences with an EC number4.

As the reaction database R, we used MetaCyc version 10.6 [15] with 6241
reactions of which 5255 had associated EC numbers. In what follows, this set of
reactions is referred to as the universal metabolic network.

We compared the E. coli protein sequences against all protein sequences from
UniProt with an EC number using BLAST [2]. E-value cutoff of BLAST was set
4 Each Uniprot entry specifies the enzymatic reaction only at EC number level. EC

number can specify more than one concrete reaction, such as EC 2.4.1.1 which cor-
responds to phosphorylases operating on various sugar molecules. When the EC
number of an enzyme corresponds to multiple reactions in the reaction database,
each matching reaction receives the sequence homology score from that enzyme.



Fig. 1. Number of gaps, or reactions not connected to sources with a feasible pathway,
in metabolic networks obtained with the thresholding method.

to 10 to detect remote homologs. From the BLAST scores obtained this way for
each sequence pair, we derived the reaction scores for MetaCyc reactions using
the equation (8).

Our method was compared against the baseline reconstruction method which
is based only on sequence homology scoring. In this thresholding method, a re-
action is chosen into the reconstruction only if the reaction score is higher than
some specified threshold. Naturally, the resulting metabolic network contains
gaps because the feasibility is not enforced in any way.

We reconstructed a metabolic network for E. coli using our method on the
data discussed above. We experimented with different threshold value param-
eters, varying the value from 0 to 400 in increments of 25. Different values of
threshold parameter model the degree of confidence we want the reconstructed
model to obtain from the sequence homology: with high values of the parame-
ter, smaller subnetworks with higher sequence homology evidence are produced,
while with lower parameter values larger networks with less sequence based evi-
dence are reconstructed. As the set of source metabolites A, we used 111 metabo-
lites including glucose, which is the main carbon source of E. coli, and cofactor
molecules that are known to be present in the organism in abundance, such as
ATP, NAD and CO2.

The number of gaps in metabolic networks obtained with the thresholding
method is shown in Figure 1. This value can be seen as a measure of the manual
work needed to curate the initial reconstruction by hand.

A summary of the reconstruction results for both our method and the thresh-
olding method is shown in Table 1. Our method produces smaller networks than
the thresholding method as some reactions with a high score are not included in



Threshold #Reactions (S / T) #Gaps #Fillers Score (S/T) Fill score

0 1354/1964 372 338 292.7/336.7 0
50 938/1280 319 208 410.4/498.3 7.1
100 809/1067 348 174 469.1/583.4 13.8
150 755/960 318 175 487.3/634.5 18.0
200 649/865 299 132 548.0/685.1 28.0
250 597/796 281 126 580.7/724.4 34.4
300 551/742 259 117 597.7/757.5 41.9
350 500/700 283 101 637.1/783.5 57.4
400 469/642 265 97 659.1/820.6 97.8

Table 1. Summary of results for our reconstruction method (SCAR) and the thresh-
olding method (THRE) for the different threshold parameter values showing the num-
bers of reactions in results, feasibility gaps in THRE result (#Gaps), reactions with
negative scores filling the gaps in the SCAR result (#Fillers), average reaction score
(Score) and average score for gap filling reactions in the SCAR result (Fill score). The
scores reported are fb(r) scores with b = 0. Only the increments of 50 are shown in the
threshold value.

the result. This happens when the addition of such a reaction would also require
that negative-scoring reactions were added to the network due to the feasibility
constraint and the score of the resulting pathway would be negative. In this case,
the pathway is not added to the network. On the average, 20–25% of reactions in
our method’s result had a negative score meaning that they were used to fill the
gaps in the network. Similarly, the average reaction score is smaller compared to
the thresholding method as expected, because the method repairs the gaps with
low-scoring reactions.

Our method took about 150 seconds on the average to run per reconstruction
on a 1.6 GHz Pentium M processor. The running time can be tuned by setting
the maximum number of initial paths generated. In this experiment, we used a
maximum of 6000 paths which was experimentally verified to be enough for the
network score Fb(R) to converge.

At threshold parameter value b = 200, our method was able to recover 14
reactions missed by the thresholding method but found in the EcoCyc database.
EcoCyc is a comprehensive, manually curated database of E. coli metabolism
[24]. These reactions are shown in Table 2. As the score of each reaction is below
the threshold value, the reason why these reactions were added to the result was
to satisfy the feasibility constraint.

As an example of a gap that exists in the thresholded reconstruction but
which has been filled in a SCAR reconstruction, consider the reaction phos-
phatidylserine decarboxylase (EC 4.1.1.65) which received a score fb(r) = 412
from the BLAST alignment of E.coli sequence GI 1790604 and UniProt sequence
P0A8K4, with b = 200. Our method succeeded in repairing the gap; the reaction
and a feasible subnetwork that repairs the gap is shown in Figure 2.



Fig. 2. Phosphatidylserine decarboxylase reaction (EC 4.1.1.65) and the network in a
SCAR reconstruction that fills the gap present in the thresholding reconstruction with
threshold value 200. Note that each reaction is considered to be bidirectional, thus
the directionality of arrows carries no other meaning than separating substrates and
products of the same reaction. The figure was generated with the BMVis visualisation
tool [1].



Reaction EC Name Score

1.1.1.283 1.1.1.283 Methylglyoxal reductase (NADPH-dependent) 37
1.13.11.16 1.13.11.16 3-carboxyethylcatechol 2,3-dioxygenase 0
BETA-PHOSPHOGLUCOMUTASE 5.4.2.6 β-phosphoglucomutase 186
CHORPYRLY 4.-.-.- - 40
GALACTITOLPDEHYD 1.1.1.- - 0
GLUCONOLACT 3.1.1.17 Gluconolactonase 0
NAG6PDEACET 3.5.1.25 N-acetylglucosamine-6-phosphate deacetylase 0
OXALODECARB 4.1.1.3 Oxaloacetate decarboxylase 52
PDXJ 2.6.99.2 - 0
RXN-821 - - 0
RXN0-313 4.-.-.- - 0
RXN0-5116 2.7.1.16 - 0
TAGAALDOL 4.1.2.40 Tagatose-bisphosphate aldolase 69
TAGAKIN 2.7.1.144 Tagatose-6-phosphate kinase 124
Table 2. Reactions included in the EcoCyc database that were not found by the
thresholding method (threshold value 200) because of low reaction scores, but which
were included in the SCAR reconstruction. MetaCyc reaction identifiers without the
trailing RXN shown. A dash signifies a missing EC number or name in MetaCyc.

4 Discussion

In this article we introduce a computational method to assist the reconstruction
of a metabolic network of an organism based on its genome information. The
method is based on optimization techniques and graph traversal algorithms. As
a distinctive feature, the presented method combines the search of reactions
that are most likely catalyzed by the genes of the target organism and the
filling the gaps in the reconstructed metabolic network to a single computational
step. It is easy to incorporate experimental evidence, such as information about
experimentally observed metabolites or reactions with the method to improve
the quality of the reconstructed metabolic network models.

As the present method constructs gapless metabolic networks, the recon-
structed models can contain also reactions that have no known catalyzing en-
zyme, as long as these reactions improve the feasibility of the model. The advan-
tages of this feature are twofold. First, we can augment the reaction database
utilized by the reconstruction algorithm with computer-generated, or hypothet-
ical, reactions [20] without the knowledge of enzymes possibly catalyzing these
reactions. Second, the identification of an unannotated but structurally neces-
sary reaction can serve as a hint for finding the gene responsible for that par-
ticular function. This capability is beyond most current computational methods
for metabolic reconstruction.

The present method shares some properties with recently introduced method
called GapFill [28]. The main difference between GapFill and the present method
is found from the weaker definition of the reaction gap applied in the GapFill.
In GapFill, reaction gaps are thought to be removed as soon as the network
produces substrate metabolites for each of its internal reactions – even if the



network is unable to produce these metabolites from its external substrates.
This formulation easily leads to situations where the gaps in a draft network
are filled by small cycles where reactions produce substrates for each others, but
that are disconnected from the rest of the network. In the present method, on
the other hand, we require the substrates of each reaction in the network have
to be produced from the external sources. We argue that our stronger definition
of the reaction gaps is biologically more relevant: the network model where some
metabolites cannot be produced from the external sources is clearly incomplete.
For example in the most tasks of constraint based modelling of metabolism,
the reactions whose substrates cannot be produced from the external substrates
are irrelevant, and can be removed from the model as a preprocessing step.
Furthermore, in GapFill the gaps in the network are filled locally, and only the
number of reactions needed to fill the gaps is considered in the optimization.
The present method, on the other hand, looks for globally optimal modifications
to simultaneously fill all the gaps, taking also the available genomic evidence for
the existence of gap-filling reactions in the target organism into account.

To conclude, we believe that the present method is able to produce useful
suggestions about the structure of a metabolic network to guide a domain expert
in a very time-consuming task of metabolic reconstruction. To further improve
the accuracy of the reconstructed metabolic network models, we will investigate
alternative ways of scoring the reactions in a database. These alternatives con-
tain more advanced methods for detecting homologous sequences between the
enzymes in a database and the genome of the target organism that might share
a function, as well as the inclusion of the other type of data, such as whole-cell
metabolome measurements, into the computation of reaction scores.
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