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Abstract

The interest in reconstructing phy-
logenetic relationships from data on
structural similarity of metabolic
pathways is growing. The similarity
notions and the techniques involved
in this reconstruction are assessed by
building phylogenetic relationships
for model sets of organisms from
the similarity measures of the same
metabolic pathway for all of them,
and then the phylogenetic trees ob-
tained are compared to the NCBI
taxonomy. The best technique pro-
posed so far is due to some of the
authors of this paper [2], using a
new similarity relation for metabolic
pathways and average-link hierarchi-
cal clustering to compute the phylo-
genetic tree. In this paper we prove
that using a fuzzy clustering method
to compute the phylogenetic rela-
tionships from this similarity rela-
tion the resulting trees are usually
closer to the NCBI taxonomy.1

Keywords: metabolic pathway,
similarity, hierarchical similarity, in-
formation content, gene ontology,
phylogenetic reconstruction, fuzzy
clustering.

1All data and programs are available from the
corresponding author (F. Rosselló) upon request.

1 Introduction

Evolutionary relationships among species
have been mainly understood through the
“molecular approach,” which exploits poly-
morphism information in DNA or protein se-
quences to assess the phylogenetic relation-
ship among species. Nevertheless, the choice
of sequences for comparison greatly affects the
final result, since non-local mutations like the
transfer, duplication, deletion, and functional
replacement of genes can prevent the obten-
tion of significant information from the anal-
ysis of the evolution of short sequences [16].
This has led to an increasing interest in
phylogenetic reconstruction based on non-
genomic information, as for instance informa-
tion on global biological processes in the or-
ganisms, specially the use of metabolic path-
ways. Recent advances in metabolomics ex-
perimental techniques also suggest that most
metabolic network data will soon be indepen-
dent from genomic information, which will
turn metabolic pathways into a true alterna-
tive to biomolecular sequences in phylogeny
reconstruction [6].

Structural similarity of metabolic pathways
entails both a graph representation of a
metabolic pathway and a similarity mea-
sure between individual reactions, enzymes,
and compounds present in the pathway.
Metabolic pathways are usually represented
as directed hypergraphs, with the compounds
and enzymes as nodes and the reactions ac-
tivated by the enzymes as hyperarcs [4]. A



more abstract representation, called the en-

zyme graph [10, 18], uses nodes to represent
enzymes and arcs to represent compounds
shared between successive reactions.

Reaction similarity can be assessed by mea-
suring the similarity of the enzymes activat-
ing the reactions and the compounds involved
in them. Hierarchical similarity [23] and in-

formation content similarity [20, 23] are two
commonly used enzyme similarity measures
based on the enzyme hierarchy [24]. In this
paper we shall use them together with a third
one, the gene ontology similarity, introduced
in [2] and based on the Gene Ontology [1].
Concerning similarity of compounds, we shall
only use the simplest one, the equality, but
more complex similarities, for instance based
on a compound ontology [5], could also be
considered.

Metabolic pathways from different genomes
have been aligned upon similar enzymes, sub-
strates, and products [3, 20, 23]. Since the
alignment of metabolic pathways is computa-
tionally hard, previous phylogenetic analyses
of metabolic pathways have been based on the
number of common enzymes between two or-
ganisms [7, 8], on the presence and absence of
metabolic pathways [13], on the topology of
enzyme graphs [10], and on the presence and
absence of reactions in whole metabolic net-
works [6]. The produced phylogenies are as-
sessed by comparing them against the NCBI
taxonomy [25], which is based on Riboso-
mal RNA 16S sequences, using some stan-
dard phylogenetic tree comparison tool. For
instance, [2, 10] used the cousins software
package [21, 22] to compare their results to
previous work, and we have also used it to
facilitate the comparison of our results with
theirs. This tool compares unordered trees
to labelled leaves, like phylogenetic trees, by
comparing in a specific way, and up to a cer-
tain cousin distance, the sets of cousin pairs,
triples consisting of a pair of leaves and their
cousin distance: 0 if they are siblings (they
share the same parent), 0.5 if the parent of
one of them is the grandparent of the other, 1
if they are cousins (they share the same grand-
parent but not the same parent), 1.5 if their

first common ancestor is the grandparent of
one of them and the great-grandparent of the
other one, 2 if they are second cousins (they
share the same great-grandparent but not the
same grandparent) and so on.

In [2] we introduced a new heuristic algo-
rithm to compare metabolic pathways to be
used together with any enzyme similarity
measure. This algorithm computes the in-
tersection and symmetric difference of the
sets of compounds, enzymes, and reactions
present in the metabolic pathways. Each non-
common compound, enzyme, and reaction in
one metabolic pathway is mapped to the most
similar one in the other pathway. We showed
that the metabolic pathway similarity mea-
sure obtained, together with an average-link
hierarchical (ALH) clustering method [11],
produced better phylogenetic trees than any
previous method.

In this paper we show that replacing the
ALH clustering method by a fuzzy equiva-
lence relations-based (FER) hierarchical clus-
tering method [17, §4.2], the resulting phy-
logenetic trees are in most occasions signif-
icantly better. Fuzzy clustering has been
successfully used in bioinformatics, mostly
through variants of the fuzzy c-means (FCM)
clustering method. For instance, [19] in-
troduced a method for DNA-based phyloge-
netic tree reconstruction based on FCM and
Markov models. But FCM-based hierarchi-
cal clustering methods have the disadvantage
of requiring the desired number of clusters
be given a priori in each step. Alternatively,
all possible number of clusters must be tried
and then the optimal number chosen accord-
ing to some “least fuzzy partitions” criterion,
although this method is extremely time con-
suming. The FER clustering method over-
comes these drawbacks: it is faster, logically
simpler, and naturally hierarchical [26]. Al-
though it has found several applications in
health sciences (see [17, Ch. 4] and the refer-
ences therein), to our knowledge, it has only
been used in one occasion to produce phylo-
genetic trees [14].

In the FER clustering method, we determine a
fuzzy similarity relation S (reflexive and sym-



metric) on the set of objects and compute the
fuzzy equivalence relation E generated by this
similarity as the max-min transitive closure
of the matrix of S. Then, for each t appear-
ing in E’s matrix the t-cut crisp equivalence
relation obtained by replacing every entry in
E’s matrix smaller than t by 0 and every en-
try greater than or equal to t by 1, induces a
crisp partition of the set of objects: each ele-
ment of the partition is a maximal subset of
objects that have “E-equivalence value” > t

with each other. These partitions, together
with the hierarchy induced by the increasing
order of the values t, yields a classification
tree for the objects.

For instance, consider the similarity matrix

MGE HIN MTU MJA ECO AFU
MGE 1.00 0.33 0.07 0.02 0.17 0.22
HIN 0.33 1.00 0.33 0.32 0.34 0.27
MTU 0.07 0.33 1.00 0.09 0.20 0.20
MJA 0.02 0.32 0.09 1.00 0.18 0.24
ECO 0.17 0.34 0.20 0.18 1.00 0.32
AFU 0.22 0.27 0.20 0.24 0.32 1.00

on the set of organisms

{MGE, HIN, MTU, MJA, ECO, AFU}

(see Table 1). The fuzzy equivalence relation
generated by this similarity is given by the
matrix

















1.00 0.33 0.33 0.32 0.33 0.32
0.33 1.00 0.33 0.32 0.34 0.32
0.33 0.33 1.00 0.32 0.33 0.32
0.32 0.32 0.32 1.00 0.32 0.32
0.33 0.34 0.33 0.32 1.00 0.32
0.32 0.32 0.32 0.32 0.32 1.00

















The hierarchy of partitions of the set of or-
ganisms defined by the t-cuts of this fuzzy
equivalence relation is:

t Partition corresponding to the t-cut
1.00 {MGE} {HIN} {MTU} {MJA} {ECO} {AFU}
0.34 {HIN, ECO} {MGE} {MTU} {MJA} {AFU}
0.33 {MGE, HIN, MTU, ECO} {MJA} {AFU}
0.32 {MGE, HIN, MTU, MJA, ECO, AFU}

This hierarchical clustering yields a classifica-
tion tree, depicted as a dendogram in Fig. 1,
and which is very close to the NCBI taxon-
omy tree for these six organisms, the only dif-
ference being that in the latter the archaea
MJA and AFU are also clustered (that is, they

AFU

MJA

MTU

MGE

HIN

ECO

Figure 1: A dendogram for MGE, HIN, MTU,
MJA, ECO, and AFU similar to their NCBI
taxonomy.

should be at cousin distance 1 from MGE and
MTU, instead of 0.5).

To compare the performance of FER cluster-
ing and ALH clustering, we have computed
the similarities defined in [2] of the Glycoly-
sis pathways of a model set of 16 organisms.
The Glycolysis pathway, which mainly serves
to generate ATP molecules, has been thor-
oughly studied in the literature, being highly
conserved in the genetic code and occurring
in most species. Similarity among different
organisms can therefore be studied by analyz-
ing the similarity of their respective Glycoly-
sis pathways. We have computed the phyloge-
netic trees generated by these similarities by
using both the ALH clustering, as presented
in [2], and the FER hierarchical clustering
method explained above. Finally, we have
computed the similarity of the trees obtained
in this way to the NCBI taxonomy of the 16
organisms using the cousins tool up to cousin
distance 2. The values obtained through FER
are often significantly better than those ob-
tained through ALH clustering.

2 Materials and methods

The metabolic pathways for the organisms
have been downloaded from the Kyoto En-
cyclopedia of Genes and Genomes (KEGG)
server [12], a repository of metabolic path-
ways for organisms with completely se-
quenced genomes that provides information
about the enzymes present in the pathways
and their classification. We only consider the
Glycolysis pathway for the 16 organisms listed



in Table 1, which have already been studied
by other authors [10, 13].

Table 1: Organisms studied, classified by
domain (A: Archaea, B: Bacteria, E: Eu-
karyota), together with their identifier in the
NCBI taxonomy.

AFU A.fulgidus A 224325
MJA M.jannaschii A 243232
CPN C.pneumoniae B 115713
MGE M.genitalum B 243273
MPN M.pneumoniae B 272634
HIN H.influenzae B 71421
SYN Synechocystis B 1148
DRA D.radiodurans B 243230
MTU M.tuberculosis B 83332
TPA T.pallidum B 243276
BSU B.subtilis B 224308
AAE A.aeolicus B 224324
TMA T.maritima B 243274
ECO E.coli B 83333
HPY H.pylori B 85962
SCE S.cerevisiae E 4932

We have adopted the usual representation
of metabolic pathways as directed hyper-
graphs, with the compounds and enzymes
as nodes and the reactions activated by the
enzymes as hyperarcs [4]. This representa-
tion can be extracted automatically from the
KEGG files. As in previous studies [15, 27],
we have discarded the current metabolites,
which function as cofactors in many reactions,
namely: H2O, ATP, NAD+, NADH, NADPH,
NADP+, O2, ADP, Orthophosphate, CoA,
CO2, Pyrophosphate, NH3, and UDP.

To assess the similarity of enzymes, we have
considered three different enzyme similarity
measures: hierarchical, information content,
and gene ontology. The first two are based on
the enzyme hierarchy [24], an accepted system
for naming and classifying enzymes developed
by the Enzyme Commission of the Interna-
tional Union of Biochemistry and Molecular
Biology. In the enzyme hierarchy, each en-
zyme is assigned a code, the EC number: a
string of four digits, separated by dots. The
first digit shows the main class (on the ba-
sis of the reaction it activates) which the en-
zyme belongs to. The second and third digits

in the EC number further describe the kind
of reaction being activated, and their mean-
ings are defined separately for each of the
main classes. The fourth digit distinguishes
between enzymes activating very similar but
non-identical reactions by defining the actual
substrate. The hierarchical similarity of two
enzymes [23] is the number of common most
significant EC digits of the enzymes divided
by 4, and the information content similarity

of two enzymes [20, 23] is minus the logarithm
of the size of the enzyme hierarchy subtree
rooted at the least common ancestor of the
enzymes.

The third method we use to assess the sim-
ilarity of two enzymes, introduced in [2], is
based on the Gene Ontology (GO), a widely
accepted standard for describing genes and
gene products [1] that is composed of con-

cepts, each of them identified by a unique in-
dex and one or more strings to name the con-
cept. GO concepts are related to each other
by is-a or part-of relations, arranged as a di-
rected acyclic graph. The gene ontology simi-

larity of two enzymes is then the shortest dis-
tance in the GO graph (not considering di-
rection or type of relation) between the con-
cepts representing any pair of enzymes. En-
zymes that have no associated GO entry are
substituted by the concept corresponding to
the closest sibling enzyme. The minimum dis-
tance between GO concepts is computed using
Dijkstra’s algorithm.

We represent the enzymatic reactions by a
pair (C,E), where C is the set of compounds
and E the set of enzymes. The similarity

of two enzymatic reactions R = (C,E) and
S = (D,F) is given by

simα(R, S) =
1−α

|C∪D|

(

|C ∩ D| +
∑

C∈C\D

max
D∈D

sim(C, D)

+
∑

D∈D\C

max
C∈C

sim(C, D)
)

+ α

|E∪F|

(

|E ∩ F| +
∑

E∈E\F

max
F∈F

sim(E, F )

+
∑

F∈F\E

max
E∈E

sim(E, F )
)

where sim for compounds is 1 for identical
compounds and 0 for distinct compounds, and



sim for enzymes stands for either the hierar-
chical (hier), information content (info), or
gene ontology (go) similarity measures. The
weight parameter α ∈ [0, 1] establishes the
relative weight of compound similarity to en-
zyme similarity in the assessment of enzy-
matic reaction similarity.

The similarity of two metabolic pathways P =
(C,R) and Q = (D,S), where C,D are sets
of compounds and R,S are sets of enzymatic
reactions, is then

simα(P,Q) =
1

|R∪S|

(

|R ∩ S| +
∑

R∈R\S

max
S∈S

simα(R, S)

+
∑

S∈S\R

max
R∈R

simα(R, S)
)

We have computed the similarity of the Gly-
colysis pathway for each pair of our model
set of 16 organisms, for each of the three en-
zyme similarity measures, and for each α =
0, 0.1, 0.2, . . . , 0.9, 1. This has produced 33
16 × 16 matrices with entries in [0, 1]. These
matrices are symmetrical and all entries in
their main diagonal are 1. For instance, the
sample similarity matrix used in the Intro-
duction to explain the FER method is the re-
striction of go0.8 to the corresponding set of
6 organisms. We have then clustered our 16
organisms based on these similarities, using
ALH clustering [11].

To use the FER hierarchical clustering on
these matrices we have computed their max-
min transitive closure using the algorithm de-
rived from [17, Thm. 4.2.1]. In this way we
have obtained the matrix of the fuzzy equiv-
alence generated by each one of the 33 simi-
larity matrices on the set of the 16 organisms.
We have then computed the classification tree
given by each one of these fuzzy equivalences,
as explained in the introduction, and we have
considered them as the organisms’ phyloge-
netic trees.

3 Results and discussion

To evaluate the effectiveness of our method
we have compared the phylogenetic trees ob-
tained in the previous section to the NCBI

taxonomy restricted to the 16 organisms con-
sidered in this study. We have used the
cousins software package to compute simi-
larity measures between phylogenies.

We were unable to reproduce the 0.27 sim-
ilarity claimed in [9, Table 5] for any pa-
rameter of the cousins tool, though, and we
have adopted the parameter setting that pro-
vides the closest result (similarity up to sec-
ond cousins, that is, up to cousin distance
2) for our experiments, as was already done
in [2], which yields a similarity of 0.19355 be-
tween NCBI’s and Heymans-Singh’s trees.

Table 2: Similarity values for both clustering
methods and all similarity measures.

ALH FER

go0.0 0.23864 0.26042
go0.1 0.23864 0.27369
go0.2 0.22222 0.31959
go0.3 0.22222 0.27368
go0.4 0.22222 0.26596
go0.5 0.22222 0.26596
go0.6 0.22222 0.23077
go0.7 0.22222 0.21277
go0.8 0.22222 0.29474
go0.9 0.22222 0.26000
go1.0 0.25275 0.20430
hier0.0 0.23864 0.26042
hier0.1 0.22222 0.27369
hier0.2 0.22222 0.30208
hier0.3 0.22222 0.29032
hier0.4 0.22222 0.25532
hier0.5 0.22222 0.28421
hier0.6 0.22222 0.23404
hier0.7 0.22222 0.21978
hier0.8 0.25275 0.23404
hier0.9 0.25275 0.19355
hier1.0 0.25275 0.19565
info

0.0
0.23864 0.26042

info
0.1

0.23864 0.31250
info

0.2
0.22222 0.25263

info
0.3

0.22222 0.30208
info

0.4
0.22222 0.22340

info
0.5

0.23864 0.21053
info

0.6
0.23864 0.18280

info
0.7

0.23864 0.14130
info

0.8
0.27778 0.15054

info
0.9

0.27778 0.16304
info

1.0
0.27778 0.18681

Table 2 shows the similarity values (rounded



to 5 decimal digits) to the NCBI taxon-
omy tree of the phylogenetic trees obtained
through ALH clustering (column ALH ) and
through FER hierarchical clustering (column
FER) for each of the similarity measures goα,
hierα and infoα, α = 0, 0.1, 0.2, . . . , 0.9, 1.
Recall that this parameter α captures the rel-
ative weight of compound similarity to en-
zyme similarity in the assessment of reaction
similarity: the smaller this parameter, the
smaller the relative weight of enzyme similar-
ity.

It is clearly shown in Table 2 that the gene
ontology similarity yields better results when
using the FER clustering method. For all
values of α except α = 1 (that is, except
when compound similarity is not taken into
account) and α = 0.7 the FER tree is closer to
the NCBI taxonomy than the ALH tree. The
greatest similarity is go0.2 with FER (almost
0.32), while the maximum with ALH is go1.0

(slightly under 0.253). The average similar-
ity of the FER trees to the NCBI taxonomy
is 0.260, while the average similarity of the
ALH trees is 0.228.

FER clustering also generates better trees
than ALH for the hierarchical similarity. The
FER tree is closer to the NCBI taxonomy
than the ALH tree for all values of α except,
in this case, four: all α > 0.7. The greatest
similarity is reached again for hier0.2 using
FER (slightly over 0.3), while the maximum
with ALH is reached for hierα with α > 0.8
(slightly under 0.253). The average similarity
of the FER trees to the NCBI taxonomy is in
this case 0.249, while the average similarity of
the ALH trees is 0.232.

Interestingly, FER behaves worse than ALH
for the information content similarity: the
FER tree is more similar to the NCBI taxon-
omy than the ALH tree for all α 6 0.4, while
the ALH tree is better when α > 0.5. The
greatest similarity is reached in this case for
info0.1 with FER (slightly over 0.31), while
the maximum with ALH is obtained for infoα

with α > 0.8 (slightly above 0.277).

The better performance of FER when us-
ing gene ontology and hierarchical similarity

might be explained by the fact that these mea-
sures are conceptually similar, since both are
based on shortest path distance among en-
zymes (in the GO graph and the EC tree,
respectively). On the other hand, informa-
tion content similarity (where FER obtained
worse results) is based on EC subtree size,
which results in a more fine-grained measure
than gene ontology or hierarchical similarity.

It is also evident from Table 2 that for all
three types of enzyme similarity the best re-
sults are obtained using FER and low values
of α. Indeed, if we only take into account the
values α = 0, . . . , 0.4, the average similarity of
the phylogenetic trees to the NCBI taxonomy
is 0.27867 for go, 0.27637 for hier and 0.27021
for info.

The best phylogenetic trees obtained with
FER clustering for each one of the three en-
zyme similarity measures are shown in Fig. 2.

4 Conclusion

We have recalled from [2] a new measure of
similarity between metabolic pathways and
applied it to the reconstruction of phyloge-
netic relationships from metabolic pathways
across organisms using the FER hierarchical
clustering algorithm. We have used a set of
16 organisms representing the three domains
of life. We have restricted our experiments
in this work to a few organisms to provide
a simple empirical proof of the advantages of
our method on a well-studied dataset. Results
for larger sets of organisms, as those consid-
ered in [2, 9, 10] will appear elsewhere. Our
results on the Glycolysis pathway for the cho-
sen 16 organisms show that the produced phy-
logenies are more similar to the NCBI taxon-
omy than phylogenies produced with previous
techniques.

We have used hierarchical, information con-
tent, and gene ontology enzyme similarity,
and our metabolic pathways similarity mea-
sure involves a parameter α that can shift
weight from the enzyme to the compound sim-
ilarity, which in this paper was taken as the
1-0 compound equality. We have shown that
using FER together with gene ontology and
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Figure 2: Phylogenetic tree for the set of
16 organisms (NCBI taxonomy, top left) and
best trees obtained with FER clustering from
the similarity of their Glycolysis pathways,
using gene ontology (top right), hierarchical
(bottom left), and information content en-
zyme similarity (bottom right).

small values of α, and thus giving more weight
to the compound equality, yield better results.
But, as it can be seen in Fig. 2, and despite
the improvements achieved by using a fuzzy
clustering algorithm, we are still far from ob-
taining a fully correct taxonomy. More details
on the analysis of our results will also appear
elsewhere.
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