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Figure 1: Sugar degradation pathway. The enzymes are shown in boxes with the EC numbers inside. The shaded
boxes represent those enzymes whose genes are identified in Escherichia coli. Pathways indicated by dotted lines

are not shown. Acetyl-CoA is the final product in the pathway.

3. Hydrolase
4. Lyase
5. Isomerase

6. Ligase

EC numbers are generally expressed as a string of four
numbers separated by periods.

For example, consider EC number identified as
1.1.1.1. This class is a member of the top level group
[1], the oxidoreductases. The second level of the hi-
erarchy identifies a subclass; for the oxidoreductases,
the second level specifies the kind of donor which is
oxidized. In this case, sub-class [1.1] means the en-
zyme acts on the CH-OH group of donors. The third
position in the oxidoreductase group specifies the kind
of accepter. In this example, the sub-sub-class [1.1.1]
means that NAD+ or NADP+ are the acceptor. The
lowest level in the hierarchy (the leaf node [1.1.1.1])
identifies a particular reaction. Therefore the donor
for {1.1.1.1] and [1.1.1.2] is CH-OH and their accepters
are NAD+ and NADP+, respectively.

We consider five class levels, including a new top
class [*] which we have added to express arbitrary en-
zymes (see Fig. 2). References to EC numbers with
fewer than four numbers indicate an internal node in
the tree, including all of the subclasses or leaves below
it. The numbers specify a path down the hierarchy,

[*]
ﬂ\\\
(11 [2] [3}
//
- /
P \
2.1} [2.2] [2.3] [3.1]

I

[2.2.1][2.2.2])([2.2.2]

~
~
~

{2.2.2.1] [2.2.2.2] (2.2.2.3] ~

Figure 2: Example of enzyme hierarchy.

with the leftmost number identifying the highest level.
In this paper, enzymes are denoted by their enzyme
classes (e.g. {2.2.2.3]).

Fig. 3 shows examples of reaction similarities. For
each of enzymes which catalyze similar reactions in
these pathways, similar pairs of EC numbers occurs
([2.4.2.3] - [2.4.2.4], [3.1.3.5] - [3.1.3.5] and [2.7.4.14] -
[2.7.4.9]), and their positions within the enzyme hier-
archy are near. Therefore, in this study, we consider
that the relationship between the proximity within the
enzyme hierarchy and the reaction similarity is strong,
and we express the reaction similarities between path-
ways based on enzyme hierarchy.
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Uridine phosphorylase
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Figure 3: Structural comparison of similar pathways. The enzymes’ name are shown above their EC numbers, and
their substrates and products are shown between the enzymes. The structural components that are modified by

the enzymes are circled.

An Information Content Maximization
Alignment Algorithm

Similarity score between enzymes

Although reaction similarity is closely related to the
proximity of the enzymes within the enzyme hierarchy,
there is a problem with expressing the enzyme similar-
ity only by the proximity within the enzyme hierar-
chy (for example, by considering the numeric similar-
ity between the two enzyme numbers). This is because
there is a large deviation in the distribution among
the enzyme hierarchy. For example, the EC numbers
located under [1.1.1] range from 1.1.1.1 to 1.1.1.254,
whereas there is only one EC number 5.3.4.1 located
under [5.3.4].

Moreover, when the enzymes which occupy a near
position in the enzyme hierarchy are included in a set
of pathways to align, these enzymes will be judged with
similar group of the enzymes, even if these enzymes are
combined at random.

In consideration of above points, in this study, we
decide the degree of similarity between the enzymes
as follows. Some definitions required to express this
degree of similarity are shown below. Unless specified
otherwise, we represent enzymes solely by EC numbers
in the definitions.

Definition 1 The hierarchy constructed by using the
EC numbering system (described in the preceding sec-
tion) is called the enzyme hierarchy. Also each el-
ement of the enzyme hierarchy (e.g. [2.2.2.1], [2.2.1]
and [*]) is called the enzyme class.

Definition 2 Given more than two enzymes as input,
the enzyme class which is the lowest class in the upper
classes of those enzymes on the enzyme hierarchy is
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called common upper class. Between the same en-
zymes, their common upper class is the same as their
enzyme class.

For example, [1.2.3], [1.2] and [+] are common up-
per classes between [1.2.3.4] and [1.2.3.5), [1.2.3.4] and
[1.2.4.1], and [1.2.3.4] and [2.1.1.1], respectively.

Definition 3 For an enzyme class h, we denote by
E(h) the set of all enzymes whose classes are included
under the enzyme class h. C(h) ezpresses the number
of elements of E(h).

Definition 4 For a set of pathways S = {51, ..., 8n},
N(s;) is the number of enzymes which appear in ele-
ment 3; (1 <i<n) of S, and ole, s;) is the number of
times that the enzyme e appears in s; . Then

ple) = Zo(e 5:) EN(s.) V)

=1 =1
is called the occurrence probability of e in S.

Definition 5 Given a set of pathways S, for the en-
zyme class h, p(h) is call the occurrence probabil-
ity of h in S, and represents the sum of the occurrence
probabilities of all enzymes in E(h).

Definition 6 For an enzyme class h, I(h) is expressed
with the following formula is called the information
content of h.

I(h) = log, 'c'zlm ~ log; p(h) @

For two enzymes e;, e;, if their common upper class
is hij, then we consider I(h;;) express the similarity
between e; and e; (the value increases with greater
similarity).



[2.4.2.3][3.5.4.5]13.1.3.51[2.7.4.14)

Figure 4: The global dynamic program matrix for two
pathways, with arrow indicating paths of alignment
between two pathways.

Although the above value of the information con-
tent depends on the given pathway set, the information
content of the highest rank I([«]) is a fixed constant
log,(1/3705) — log,(1) = —11.85 since there are 3705
kinds of EC number according to the KEGG database
and p([*x]) = 1. Moreover, for any enzyme class h,
I(h) > I(h;) (1 <1 < n) holds where hy, hy, ... are
sub-classes of h.

The information content defined here corresponds
with the score matrix used by the dynamic program-
ming alignment algorithm as described below.

The degree of similarity between two any amino
acids a and b can be expressed by the following for-
mula (Durbin et al. 1998).

Dab
qaqb

S(a,b) = log = log(pab) — log(gags)  (3)

When a common ancestor exists between a and b (it
may be the same as a or b), the numerator p,; is the
probability that a is replaced by b (namely, the prob-
ability that e and b relate evolutionarily), and the de-
nominator expresses the product of the probabilities of
obtaining a and b, respectively, by substitution at ran-
dom (namely, the probability with which a and b are
produced independently). That is, this score expresses
the degree to which a and b relate evolutionarily in
terms of a log-odds ratio.

We consider that the information content which is
defined in this study is the log-odds ratio between the
probability with which two enzymes are similar in the
enzyme hierarchy (i.e., the number of all enzymes un-
der their common upper class is small) and the prob-
ability with which two enzymes match at random in a
set of pathways.

Pairwise alignment

In this study, to create a pattern from the optimal
pairwise alignment with hierarchical structure, we ex-
tend the global alignment algorithm based on dynamic
programming (Needleman and Wunsch 1970). The

[24.2313.54.513.1.3.512.74.14]

2424242 ™1 | ™M | @

(3.1.35]( ™ 31 [3.1.35] M

[2.7.49]f (2] ™ [*] |[274]

Figure 5: Common upper class reference table for
two pathways [2.4.2.3] [3.5.4.5] [3.1.3.5] [2.7.4.14] and
[2.4.2.4) [3.1.3.5] [2.7.4.9].

Pathwayl Pathway2 Pattern MatchScore
[2423] [2424] [249 340
[3,5,4, 5] ~15
(3.1.35] [3.1.35] [3.1.3.5] 1.80
[2.74.14] [2.7.49] [2.74] -2.51

Figure 6: Example of the optimal alignment between
two pathways, showing construction of a covering
pattern from the common upper class covering both
aligned elements (see Fig. 5) and the resulting infor-
mation content between aligned elements.

global alignment based on dynamic programming ar-
ranges the elements in each pair of sequences in two di-
mensions, and looks for the optimal path which starts
at the upper-left point, and reaches the bottom-right
point, which is the goal point.

The alignment score is calculated as follows. When
a diagonal arrow is selected, the information content of
the common upper class (see Fig. 5) that corresponds
to the arrow is added. When a left-to-right or top-
to-bottom arrow is selected, the information content
of a gap is added. Here, the optimal alignment is the
alignment which takes the highest score. A gap in a
pathway expresses any enzyme. We consider that it is
desirable that the information content of a gap is less
than the information content of [], and thus we set
the information content of a gap to —15.

We define that the sequence of the common upper
classes and gaps that correspond to the arrows in the
optimal alignment is the pattern corresponding to the
alignment. The information content I(p) of pattern p
is the score of the alignment.

For example, given two pathways [2.4.2.3] [3.5.4.5]
[3.1.3.5] [2.7.4.14] and [2.4.2.4] [3.1.3.5] [2.7.4.9], the
pattern for the optimal alignment is [2.4.2] “-” [3.1.3.5]
[2.7.4], as shown in Fig. 6. In this case, the gap “-” sig-
nifies one insertion into Pathway2. Thus, the informa-
tion content of the pattern [2.4.2] “-” [3.1.3.5] [2.7.4] in
Fig. 6 has a total value of —3.40 — 15+ 1.80 — 2.51 =
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-19.11.

This procedure’s complexity is O(I2), where [ is the
maximum length of two pathways.

Extension to multiple alignment

‘We consider the extension of the pairwise alignment al-
gorithm to allow alignment of more than two pathways.
To obtain multiple alignment, we introduce a pairwise
alignment algorithm for two patterns obtained by the
pairwise alignment for two pathways. The result of the
algorithm is also a pattern. Given a set of more than
two pathways, the multiple alignment performs a pair-
wise alignment between any two elements in a set of
patterns, replaces the two patterns by the pattern ob-
tained. from the pairwise alignment, and repeats the
pairwise alignment until the optimal multiple align-
ment is obtained. For each pairwise alignment, we are
assured that the size of the set decreases by one.

To find the optimal multiple alignment, we maxi-
mize the information content of the set of patterns.
However, it is not desirable to simply sum the infor-
mation content of all patterns in the set. This is be-
cause the information content decreases as the num-
ber of patterns decreases due to repetition of the pair-
wise alignment. Moreover for each pairwise alignment,
the enzyme classes in the obtained pattern tend to be
one level higher in the enzyme hierarchy compared to
these in the original pair. To solve these problems, we
consider that the difference in information content be-
tween enzyme classes that differ one level is w, and thus
we add w to the information content of the pattern for
each execution of the pairwise alignment.

Specifically, given a set of pathways S, the informa-
tion content I(P) of an output set P of patterns will
be calculated by following formula:

I(P) =wi(n —k)+ Y “2I(p), (4)
peEP n

where n = #5, k = #P (for a set X, we denote by
#X the number of elements of X), n, is the number of
patterns in S, p is a pattern obtained from the multiple
alignment, the constant [ is the average length of the
given set of pathways, and constant w is the weight for
an element of alignment. wl(n — k) is determined so
that the number of elements in a set of patterns P is
small. We found that the information content differed
by only 5 for enzyme classes which differed by one class.
So, in this paper, we set w = 5.

If we attempt to find the multiple alignment having
the maximum score among all possible alignments, we
need a multi-dimensional alignment, and the complex-
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procedure IMA
input: A set of pathways S;
output: A set of patterns P;
n:=4S; P:=S; Py := S; maz := I(P);
for k:=n~1 downto 1 do
foreach p; € P do
foreach p; € P (p; # p;) do
p = G(pi,pj);
P':= (P —{p:,p;}) U {p};
if maz < I(P') then

P, =P
maz := I(P’);
endforeach
endforeach
if I(Pp—t) < I(Pr~g—1) then
return P;
P = Py_g;
endfor
return P;

Figure 7: Multiple alignment algorithm for pathways:
p := G(p;,p;) is a procedure which performs pairwise
alignment of two pathways p; and p; and calculates a
resulting pattern p.

ity becomes

n—1
n n—k+1
O(kz___:l(n—k+1)l )

This complexity is not practical for large n. The mul-
tiple alignment for sequences usually uses a greedy al-
gorithm (Feng and Doolittle 1987). Therefore, we im-
plement the multiple alignment algorithm based on a
greedy algorithm (see Fig. 7).

Given n pathways, the procedure which obtains
k = n — 1 patterns is the operation by which any two
patterns is chosen from those sets, the alignment is
executed for those patterns, and the pattern with the
largest information content is selected.

The next procedure which obtains k = n—2 patterns
takes the previously-obtained result (whose set is the
original with two patterns removed and one added)
and executes the same operation. The procedure stops
when k = 1 (as a result, one solution pattern is ob-
tained). If the process repeats; i.e., if these procedures
cannot obtain a set of patterns whose information con-
tent is larger than the information content of the pre-
vious set of patterns (P,_x—; in Fig. 7), it returns the
previous set of patterns as a solution, and the proce-
dure stop.

This procedure’s complexity is O(n3l2,,,), where
Imaz is the maximum length of pathway in the set of
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Figure 8: Glucose, fucose, rhamnose and mannose
degradation pathways in Escherichia coli.

pathways S as input, and n = #38S.

Experiments

The effectiveness of our method is demonstrated
by applying this algorithm to the sugar, DNA and
amino acid metabolic pathways extracted from the
metabolism map of KEGG. Since the algorithm shown
in Fig. 7 does not consider branching pathways that
occur in those metabolic pathways, we need a pre-
processing procedure which extracts a set of non-
branching pathways that exhibit reaction similarities
as shown in Fig. 3. In this paper, we performed the
pre-processing procedure as follows.

First, we search for all possible pairs of non-
branching pathways whose length is three or more,
which show reaction similarities to each other. Since
the number of the possible pairs could become too large
to handle in our algorithm, we reduce the number by
limiting alternative branches of pathways to the most
suitable one. Here, by ‘suitable’, we mean the branch
of pathways which includes ligands having a larger
number of carbons than those included in the other
branches.

Secondly, we combine the pairs of pathways into a set
of pathways by linking them with common pathways
(i-e., a pair of pathway A and pathway B, and a pair
of pathway B and C are linked together to a set of
pathways A, B and C).

Finally, we inspect the resulting set to select the in-
put set of the algorithm shown in Fig. 7. In our current
implementation, this step is not fully automated but
partially performed by eye inspection.

The algorithm was coded and the experiments were
performed using a DEC AlphaStation 600 5/333 (Al-
pha 21164 333MHz, Tru64 UNIX, gcc).

The extracted pathways are shown using matrices
in Fig. 8, Fig. 9 and Fig. 10. In Fig. 8, each row in
a matrix expresses one pathway as a sequence of EC
numbers representing its enzymes.

In Fig. 8, the pathways starts from enzymes which
take a-D-Glucose-6P, L-Fucose, L-Rhamnose and D-
Mannose-6P as initial substrates, respectively. Each
of the enzymes corresponds with ORF(Open Reading
Frame) in Escherichia coli according to KEGG.

For this data, we obtained one pattern [5.3.1] [2.7.1]

242113135 ) 27431274612777
242113135 | 27432.7.140] 27.7.7

24.21]13135 ) 2748) 2748 | 2777 DNA
Purine base{ |-24:211 3.1.35 | 2748127140} 27.7.7

2421 3135 | 2743[ 2748 | 27.78

242113135 | 2743[27.140)] 2778 RNA

24213135 | 27484 2746 | 27.7.6
242113135 ) 2748127140/ 2776
2424 131352749 ] 2746 ] 2777 DNA
Pyrimidine J | 2421 ) 3545 1 3.135127414] 27486 2117 |

base {| 2423 | 3545 { 3135 |27414] 2748 | 2776 RNA
2424 | 3135 {27414| 2746 ] 2776

Figure 9: DNA and RNA replication pathways in Es-

+{42117]1.1.135[23.1.18

Eco +|4.2.1.17]1.1.157] 2319
+|42117]1.1.1.35] 2319

Afu{+[13993]42117]1.1.135[23.1.16

1242 [23161]1390.7(4211711.1.135] 23.18 ]

1242 [1.399.7]421.17}1.1.1.35} 2.3.19 |

Cel{+| 23.12 | 1.3993]42.117]11,135
+] 2312 |13996/42.1.17}1.1.135

1.3992(42117[11.135

+

Figure 10: Isoleucine, lysine, tryptophan and other
degradation pathways in different organisms: Eco,
Escherichia coli; Afu, Archaeoglobus fulgidus; Cel,
Caenorhabditis elegans. The pathways marked by “+”
do not have a complete pathway from the initial sub-
strate.

[4.1.2] by applying the algorithm in Fig. 7. As de-
scribed before, we consider that the hierarchy of EC
number of enzyme expresses the similarity of a reac-
tion.

This result is adequate, because the enzyme classes
in the enzyme hierarchy are upper than those in Fig. 8.
In addition, the information content of the obtained
solution is 32.56, and the calculation time of the align-
ment is 0.005 seconds.

In Fig. 9, the pathways start from enzymes which
take purine or pyrimidine as substrates, replicate DNA
or RNA (the last 2.7.7.7 and 2.7.7.6 are polymerases
for DNA and RNA, respectively). Each of the enzymes
corresponds with ORF in Escherichia coli according to
KEGG.

For this data, we obtained one pattern [2.4.2] “-”
[3.1.3.5] [2.7.4] [2.7] [2.7.7] by applying the algorithm
in Fig. 7.

Just before this pattern is finally obtained by the for-
loop of the algorithm in Fig. 7, the alignment of the
patterns [2.4.2] [3.1.3.5] [2.7.4] [2.7) [2.7.7] and [2.4.2]
[3.5.4.5] [3.1.3.5] [2.7.4.14] [2.7.4.6] [2.7.7) is performed,
and the information content increases from 239.67 to
245.94 at this time. This result signifies that a part of
DNA and RNA replication pathways includes the reac-
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tion catalyzed by [3.5.4.5] by the alignment of pathway
including gap. In addition, the information content of
the set of obtained patterns is 245.94, and the calcula-
tion time of the alignment is 0.15 seconds.

In Fig. 10, each of the pathways are parts of path-
ways which degrade the amino acids such as isoleucine,
lysine, tryptophan and other degradation pathways.
Each of the enzymes corresponds with ORF in Es-
cherichia coli, Archaeoglobus fulgidus and Caenorhab-
ditis elegans according to KEGG.

For this data, we obtained three patterns

{ [42.1.17) [1.1.1]) [2.3.1],
«» [1.3.99] [4.2.1.17] [1.1.1.35] “”,
[1.2.4.2] “” [1.3.99.7] [4.2.1.17] [1.1.1.35] [2.3.1.9]

by applying the algorithm in Fig. 7.

Among these patterns, the first pattern corresponds
to the three pathways in Escherichia coli.

Although the algorithm of Fig. 7 would obtain two
patterns “” “” [1.3.99] [4.2.1.17] [1.1.1.35] “” and
[4.1.2.17) “” [1.1.1] [2.3.1] in the execution process
combining these three patterns, the information con-
tent would decrease from 56.70 to 52.46, and thus the
repetition is finished in this stage. Therefore, the infor-
mation content of the set of obtained patterns is 56.70,
the calculation time of the alignment is 0.04 seconds.

Conclusion

We propose a multiple alignment algorithm for path-
ways utilizing information content. The effectiveness of
our method is demonstrated by applying the method
to pathway analyses of sugar, DNA and amino acid
metabolisms. In this experiment, we collected experi-
mental data on pathways by eye-inspection. In future,
this portion needs to be automated. Moreover, in the
application of our method to pathway analysis, we are
working to check the validity of information content as
a measure of reaction similarity.
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