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Figure 1: Genetic Distance vs. Enzyme Profile Similarity. (Left) Enzyme Profile Simi-

larity is computed by the Jaccard Coefficient, i.e.,

|E1 N EQ‘/|E1 U E2|, with Fy and

Es being the enzyme profiles of the two species under comparison. (Right) Enzyme
Profile Similarity is computed by, |E1 N Ea|/min(|E1|, |E2|), with E; and E3 being
the enzyme profiles of the two species under comparison.
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Figure 2: Enzyme profile similarity vs. community structure difference., The enzyme
profile similarity is negatively associated with community structure difference (Spear-
man’s correlation coefficient p = —0.26, p = 4.87x10727). When community structure
difference is small, the enzyme profiles are necessarily similar. However, the reverse
is not true. Similar enzyme profiles might have quite different community structures.
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Figure 3: Modularity vs. the number of enzymes (on rewired networks). The depen-

dence of modularity on the number of enzymes is gone in rewired networks. (Upper
row) Random network with the same number of nodes and edges as in metabolic net-
works. (Bottom row) Networks obtained from rewiring metabolic networks keeping
degree distribution. (Left) original modularity; (Right) normalized modularity.
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Figure 4: Modularity vs. the number of enzymes (resemblence of linear graphs)).
(Left) original modularity; (Right) normalized modularity. (Upper row) The linear

graphs.

each number of nodes, we compute 100 replica.

(Bottom row) Randomized linear graphs, keeping degree distribution. For
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Figure 5: Modularities vs. the number of enzymes in the line-graph transformed
randomized compound networks. Compound networks with currency deletion
(of 116 microbial species) are first rewired (10000 neighbor swapping operations) and
then transformed via line graph transformation [12] to approximate reaction/enzyme
networks. 10 replica were made for each rewiring and the modularity scores calculated
were averaged over the 10 replica of each organism. There is a positive association
between modularity (both normalized and unnormalized) with the number of enzymes
(Spearman’s p = 0.37,p = 3.06 x 10~° for unnormalized modularity scores and p =
0.75,p = 8.97 x 10723 for normalized modularity scores).
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Figure 6: k™ and k°“ in E. coli
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Figure 7: Biological meaning of communities of compound network with currency
deletion The community-pathway overlap in E. coli’s metabolic network. Each point
corresponds to a community-pathway pair, where the size of a point reflects the size of
the overlap between the community and pathway. Community specificity is calculated
as the fraction of pathway metabolites include in the community and the pathway
specificity the fraction of community metabolites from the pathway.
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Figure 8: GO enrichment of communities in F. coli The GO term-community pairs where
the GO term significantly annotates the community. The circles are made porpotional
to the extent of overlap and are colored according to the community. Only GO-
community pairs with a significant p-value are plotted.
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Figure 9: Modularity vs. the number of enzymes in enzyme networks. Modularity
scores correlate slightly positively with the numbers of enzymes (Spearman’s p =
0.097,p = 0.0019 for unnormalized modularity (“+” markers) and p = 0.330,p =
2.37 x 10727 for normalized modularity (square markers)).
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Figure 10: Modularity vs. the number of enzymes in compound networks with cur-
rency metabolites deleted. Unnormalized modularity scores (“+” markers) cor-
relate slightly negatively with the numbers of enzymes (Spearman’s p = —0.2,p =
1.55 x 10~!) and normalized modularity (square markers) do not correlate with the
numbers of enzymes (Spearman’s p = 0.038,p = 0.226).
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Figure 11: Modularity vs.
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the number of enzymes in compound networks.

Mod-
ularity scores correlate slightly negatively with the numbers of enzymes (Spear-
man’s p = —0.387,p = 6.6 x 1073® for unnormalized modularity (“4+” markers)
and p = —0.284, p = 2.38 x 1072 for normalized modularity (square markers)).
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Figure 12: Environment variability and modularity in compound networks with cur-
rency metabolites deleted. (Left) On a small data set of 116 bacteria, habi-
tat variability vs. normalized modularity (Kruskal-Wallis H-test p = 0.47) (Right)
On a large data set of 806 microbes, habitat variability vs. normalized modularity
(Kruskal-Wallis H-test p = 0.016).
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Figure 13: Environment variability and modularity in compound networks.
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Figure 14: Environment variability and modularity in enzyme networks. (Left) On

a small data set of 116 bacteria, habitat variability vs.

normalized modularity

(Kruskal-Wallis H-test p = 0.0016) (Right) On a large data set of 806 microbes,
habitat variability vs. normalized modularity (Kruskal-Wallis H-test p = 0.0148).
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Figure 15: Modularity and environment factors in compound networks with cur-

0.7

rency metabolites deleted. (Left) normalized modularity vs. oxygen requirement
(Kruskal-Wallis H-test p = 0.35); (Right) normalized modularity vs. temperature
requirement (Kruskal-Wallis H-test p = 6.15 x 107°).
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Figure 16: Modularity and environment factors in enzyme networks. (Left) nor-

malized modularity vs. oxygen requirement (Kruskal-Wallis H-test p = 0.02);
(Right) normalized modularity vs. temperature requirement (Kruskal-Wallis H-test
p=2.33x10712).
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Figure 17: Modularity and environment factors in compound networks. (Left) nor-
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modularity difference

malized modularity vs.

oxygen requirement (Kruskal-Wallis H-test p = 0.047);

(Right) normalized modularity vs. temperature requirement (Kruskal-Wallis H-test

p=2.52x1071).
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Figure 18: Community structure vs.

into the particular bin of modularity scores.
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modularity in compound networks with cur-
rency metabolites deleted. Left) Community structure difference vs. modularity
difference: Difference in community structure is computed by 1 — M1 where M1 is
the mutual information between the two community structures. Right) Distribution
of modularity scores colored by the cluster to which the community structures of
the metabolic network belongs (See Methods for the method used to cluster species
based on the distance in the community structures). Modularity scores are nor-
malized with respect to scores based on randomized networks (See Methods). The
normalized modularity is believed to have network size-dependent factors removed,
allowing networks of different sizes and connectivity to be comparable in modular-
ity [1]. Each color corresponds to a community structure cluster. The height of the
bar (or bar segment) is proportional to the number of species in each cluster falling
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Figure 19: Community structure vs. modularity in enzyme networks. Left) Commu-
nity structure difference vs. modularity difference: Difference in community struc-
ture is computed by 1 — M1 where M1 is the mutual information between the
two community structures. Right) Distribution of modularity scores colored by the
cluster to which the community structures of the metabolic network belongs (See
Methods for the method used to cluster species based on the distance in the com-
munity structures). Modularity scores are normalized with respect to scores based
on randomized networks (See Methods). The normalized modularity is believed to
have network size-dependent factors removed, allowing networks of different sizes
and connectivity to be comparable in modularity [1]. Each color corresponds to a
community structure cluster. The height of the bar (or bar segment) is proportional
to the number of species in each cluster falling into the particular bin of modularity
scores.
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Figure 20: Community structure vs. modularity in compound networks. Left) Com-

munity structure difference vs. modularity difference: Difference in community
structure is computed by 1 — M1 where M is the mutual information between
the two community structures. Right) Distribution of modularity scores colored by
the cluster to which the community structures of the metabolic network belongs (See
Methods for the method used to cluster species based on the distance in the com-
munity structures). Modularity scores are normalized with respect to scores based
on randomized networks (See Methods). The normalized modularity is believed to
have network size-dependent factors removed, allowing networks of different sizes
and connectivity to be comparable in modularity [1]. Each color corresponds to a
community structure cluster. The height of the bar (or bar segment) is proportional
to the number of species in each cluster falling into the particular bin of modularity
scores.
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Figure 21: Convergence of rewiring. Convergence of rewiring is measured in the leveling of
global clustering coefficient in the largest network compared among different species.
Networks of four semantics (see methods for abbreviations) are shown: (Upper left)
Compound network. The number of rewiring operations, as determined by the
human network, is set to 20000; (Upper right) Compound network with currency
metabolites deleted. The number of rewiring operations, as determined by the hu-
man network, is set to 40000; (Lower left) Enzyme network. The number of rewiring
operations, as determined by the mouse network, is set to 80000; (Lower right) En-
zyme network with currency link deleted. The number of rewiring operations, as
determined by the mouse network, is set to 8000.
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group 1 group 2 one-tail Wilcoxon rank-sum statistic | p-value | significant
Psychrophilic Mesophilic 3082.0 0.120 no
Psychrophilic Thermophilic 252.0 0.0125 no
Psychrophilic | Hyperthermophilic 102.0 1.17e-3 yes
Mesophilic Thermophilic 21060.0 1.77e-4 yes
Mesophilic | Hyperthermophilic 8711.0 6.73e-08 yes
Thermophilic | Hyperthermophilic 1201.0 8.14e-4 yes

Table 1: Pairwise comparison between different categories of temperature require-
ments. Significance are evaluated after Bonferroni correction for multiple testing.
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Table 2: Comparison of the () scores computed by various algorithms on benchmark
data sets. Algorithms: “GN” is the method of [2]; “FG” is the method of [3]; “DA” is
the method of [4]; “LR” is the method of [5]; “VP” and “LP” are vector programming
and linear programming based algorithms by [6]; “A1” is Algorithm 1 (see Main Text).
Algorithms that are slow on very large networks are labeled ‘NA’, as in [6].

Benchmark data set modularity Q
#nodes | GN FG DA LR \% LP Al
karate club [7] 34 0.401 | 0.381 | 0.419 | 0.419 | 0.420 | 0.420 | 0.420
jazz musicians [8] 198 0.405 | 0.439 | 0.445 | 0.442 | 0.445 | 0.445 | 0.445
C. elegans [9] 453 0.403 | 0.402 | 0.434 | 0.435 | 0.450 | NA | 0.453
E-mail [10] 1,133 | 0.532 | 0.494 | 0.574 | 0.572 | 0.579 | NA | 0.581
key signing [11] 10,680 | 0.816 | 0.733 | 0.846 | 0.855 | NA NA | 0.874

Table 3: Time spent for computing community structure on benchmark data.

Benchmark data set \ #nodes \ wall time (s)

karate club [7] 34 0.014 sec
jazz musicians [8] 198 1.092 sec
C. elegans [9] 453 5.19 sec

E-mail [10] 1,133 34.193 sec
key signing [11] 10,680 42 min
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