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Materials and Methods

Annotation of enzymes and metabolic network reconstruction
Whole proteome datasets for the following species were retrieved from Phytozome
(www.phytozome.org) on the dates noted (table S1, fig. S1):

August 2, 2011

Chlamydomonas reinhardtii, GenBank accession number ABCN00000000 (/8)
Glycine max (soybean), GenBank accession number ACUP00000000 (79)

Manihot esculenta (cassava), GenBank accession number PRINA17471 (20)

Oryza sativa ssp. japonica (rice), GenBank accession number BABO00000000 (27)
Populus trichocarpa (poplar), GenBank accession number AARH00000000 (22)
Selaginella moellendorfii, GenBank accession number ADFJ00000000 (23)

Vitis vinifera (grapevine), GenBank accession number CAAP00000000 (24)

December 12, 2011
Sorghum bicolor, GenBank accession number ABXC00000000 (25)

July 25,2013

Volvox carteri, GenBank accession number ACJH00000000 (26)

Coccomyxa subellipsoidea, GenBank accession number AGSI00000000 (27)
Micromonas pusilla CCMP1545, GenBank accession number ACCP00000000 (28)
Micromonas pusilla RCC299, GenBank accession number ACCO00000000 (28)
Ostreococcus lucimarinus, GenBank accession number GCA_000092065.1 (29)

Proteome datasets for Zea mays (maize, GenBank accession number
AHID00000000) were downloaded from maizesequence.org (Www.maizesequence.org)
on August 5, 2011 (30), and for Arabidopsis thaliana (GenBank accession number
GCA_000001735.1) from TAIR (www.arabidopsis.org) on August 2, 2011 (37).

We used CEGMA to confirm the quality of the genome annotations. CEGMA tests
annotation quality by searching for the presence of 458 conserved, core eukaryotic
proteins (32). The average CEGMA score for the species analyzed was 92.21% with
grapevine having the lowest score (78.63%) (table S1). In comparison, the high
confidence protein set for Picea abies (downloaded from
ftp://congenie.org/congenie/fasta/GenePrediction/ on July 26, 2013) registered a 53.23%
CEGMA score.

For a given plant species, protein sequences were submitted as individual queries
against our in-house enzyme classification pipeline, E2P2 (Ensemble Enzyme Prediction
Pipeline), which can be downloaded at https://dpb.carnegiescience.edu/labs/rhee-
lab/software. The pipeline relies on homology transfer to annotate enzyme sequences in
the form of full, four-part Enzyme Commission (EC) numbers, using single sequence
(BLAST, E-value cutoff < 1e-30, subset of SwissProt 15.3) and multiple sequence
(Priam, November 2010; CatFam, version 2.0, 1% FDR profile library) models of
enzymatic functions (33—36). The pipeline integrates predictions from the individual
methods into a final set of annotations using an average weighted integration algorithm,
where the weight of each prediction from each individual method was determined by
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averaging performance using the F;-measure as a metric over 1,000 rounds of bootstrap
testing (37) (fig. S2).

We trained and validated the pipeline using a dataset of 116,829 protein sequences
from SwissProt 15.3 (38), where each sequence had evidence of existence at the protein
or transcript level and whose functional annotation with Gene Ontology terms had an
experiment-based evidence code (EXP, IDA, IPI, IMP, IGI, IEP). We then partitioned
those sequences with four-part EC numbers and Gene Ontology IDs under ‘catalytic
activity’ (GO:0003824) into a positive dataset of 25,562 enzyme sequences representing
2,406 distinct four-part EC numbers, and a dataset of 91,267 sequences representing non-
enzymes (no EC designation partial or full, no GO IDs under ‘catalytic activity,” no
enzyme-related keywords, and not listed in the Enzyme database
[http://enzyme.expasy.org]). We used a 0.632 bootstrap process (39) to assess the
performance of the pipeline and its individual components over 1,000 rounds of testing,
calculating precision, recall, and F;-measure for each method on each EC number in each
round of testing. Overall, the pipeline’s average weighted integration scheme produced
results of 86% precision, 87% recall, and 86% F;-measure, compared to the individual
methods whose results ranged from 54-81% precision, 57-82% recall, and 55-79% F;-
measure (fig. S3).

We also assessed the pipeline’s performance on the whole genome of Arabidopsis
thaliana (TAIR release version 10), using a gold-standard dataset of 1,300 manually
curated enzyme annotations from AraCyc 7.0 (40) with full, four-part EC numbers and
experimental evidence of function. The pipeline delivered performances of 77%
precision, 67% recall, and 72% F;-measure, which represents a marked improvement in
coverage while maintaining precision compared to the previous annotation method used
in building AraCyc 7.0 (75% precision, 15% recall, 25% F;-measure)(fig. S4)(40).

Of the 472,176 query sequences from the 16 species, the pipeline classified a total of
84,361 as enzymes, representing 1,219 distinct four-part EC numbers. We then created
individual Cyc databases for each species based on the annotated sequences using the
Pathway Tools software suite (47). Pathway Tools matches annotated enzyme sets to
metabolic reactions and their compounds based on a curated dataset of reference
reactions in MetaCyc 15.0. Overall, 1,808 distinct enzymatic reactions were identified,
based on the annotated enzyme sequences. A spreadsheet containing EC and reaction
annotations for each species in the study is provided as file S1.

Functional classification of reactions

The foundation of the classification system is the Pathway Ontology provided by
PlantCyc version 8.0 and MetaCyc version 15.0 (http://metacyc.org/META/class-
tree?object=Pathways) (40, 41). The ontology classifies metabolic pathways into a
hierarchical system based on biological function reported in the literature, from which we
used a set of 13 parent classes as our main functional categories: Amines and polyamines,
Amino acids, Carbohydrates, Cofactors, Detoxification, Energy, Fatty acids and lipids,
Hormones, Inorganic nutrients, Intermediate metabolism, Nucleotides, Redox, and
Specialized metabolism. The Intermediate metabolism category contains pathways
linking primary metabolic pathways to multiple downstream pathways that can represent
several domains of metabolism. We also created an extra category, ‘Other’, to represent
all annotations that do not fit into the 13 main classes. The functional classification
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assigned to a given pathway was transferred to the reactions, EC numbers, and
proteins/genes associated with that pathway.

Once we performed the annotation process for the 16 species, we manually verified
the classifications for all reactions involved in the study (file S2). In addition, we
validated all reactions associated to specialized metabolism pathways using the literature
(citations are provided in file S2).

In some instances, an EC number may catalyze a metabolic reaction that is not
associated with any known pathway. These reactions are termed orphan reactions. In this
case, we used the list of compounds that are consumed and produced by the reaction and
their labeling in the MetaCyc Compound Ontology to see whether a reaction could be
categorized into one of the 13 functional classes. In situations where all of the non-
currency compounds associated to the reaction are clearly related to one of the functional
classes, we assigned that reaction to that class. In cases where there is a mixture of
compound types, we categorized the orphan reaction to the ‘Other’ category.

The functional classification of pathways allowed us to associate 1,493 of the
predicted 1,808 reactions (82.6%) to at least one of the 13 functional classes. The
remaining reactions largely represented large-molecule metabolism and reactions with no
known pathways or compound classification and were bundled into the ‘Other’ category.
In some cases, a reaction may be annotated to more than one pathway, and thus, carry
more than one functional class assignment. Of the 1,808 reactions, 303 (16.8%) are
labeled to more than one functional class. A spreadsheet of EC, reaction, pathway, and
functional class assignments is provided as file S2.

To analyze the effects of gene clustering on specialized metabolism, we created a
secondary classification of specialized metabolism. We relied on the PlantCyc and
MetaCyc pathway descriptions to identify the compounds produced by the specialized
metabolic pathways annotated in our data. We then grouped relevant compounds under
three main classes of specialized metabolic compounds, as follows:

Nitrogen-containing specialized compounds
. Alkaloids

. Amides

. Aminoglycosides

. Benzoxazinoids

. Betalains

. Cyanogenic glucosides

. Cyclic amides

. Deazzapurines

. Glucosinolates

10. Melanins

11. Non-protein amino acid derivatives
12. Organosulfurs
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Phenypropanoid derivatives
1. Anthocyanins

2. Benzenoids

3. Benzoate derivatives



4. Cinnamates derivatives
5. Coumarins

6. Flavonoids

7. Lignins

8. Phenolic compounds

9. Prenylflavonoids

10. Stilbenes

Terpenoids

1. Monoterpenoids
2. Diterpenoids

3. Triterpenoids

4. Sesquiterpenoids

Other

1. Antibiotics

2. Fatty acid derivatives
3. Pentitol

4. Sugar acids

The classification of primary versus specialized metabolic processes has been a
major challenge in the plant metabolism field. With the computational and genomic
resources now available, including the genome-scale metabolic networks reported on
here, the field is in a position to redefine how metabolic processes should be classified in
light of the global, interconnected way one can now view pathways and their reactions
and metabolites. One approach would be to create a broader and deeper classification
system that offers a larger and more refined set of groupings to catalogue the diverse
functionalities provided by plant metabolism. In addition, these classes ought to be
organized within a hierarchical structure, to enable analyses at different levels of
grouping, such as with gene ontologies or organismal taxonomies.

Metabolic network reconstruction

We extracted reaction and compound information from each species-specific
database, and converted the data into bi-directional, reaction-centric metabolic networks
where nodes represent reactions and edges (links between nodes) represent compounds
shared between two nodes (7). A compound was connected to a reaction if the compound
is either a substrate or product of the reaction, as curated in MetaCyc 15.0. We removed
24 currency compounds from the networks, as listed below (42). In total, the 16
metabolic networks contained 1,621 distinct reaction nodes.

Currency compounds
1. Proton

2. Water

3. Oxygen

4. NADP"

5. NADPH



6. ATP

7. Diphosphate

8. Carbon dioxide

9. Phosphate

10. ADP

11. Coenzyme A

12. UDP

13.NAD"

14. NADH

15. AMP

16. Ammonia

17. Hydrogen peroxide

18. Oxidized electron acceptor
19. Reduced electron acceptor
20. 3-5-ADP

21. GDP

22. Carbon monoxide

23. GTP

24. FAD

Reaction node similarity and hierarchical clustering

We calculated the similarity of reaction node sets between all-pairwise combinations
of species using the Jaccard index as a similarity metric (43). The resulting similarity
value represents the percentage of all unique nodes in the two sets that are found in
common between the two species. We calculated distances among species by subtracting
the Jaccard index from 1 and assembling results into a distance matrix. We performed
average-linkage hierarchical clustering on the distance matrix using the heatmap.2
function in the R gplots package. We calculated clustering support over 1,000 rounds of
bootstrap data using the pvclust package in R (44). Similar to bootstrap analysis of
phylogenetic trees, pvclust assesses uncertainty in a hierarchical clustering by repeating
the clustering process over many random samples of the input data. The Approximately
Unbiased (AU) p-values represent the strength of support for the clusters in the
hierarchically clustered data.

Statistical analyses

All statistical analyses were performed using R, including phyper (hypergeometric),
kruskal.test (Kruskal-Wallis), chisq.test (XP), t.test (Student’s t-test), and wilcox.test
(Wilcoxon Rank Sum) from the stats package; ks.boot (Kolmogorov-Smirnov) from the
matching package; and z.test (Z test) from the BSDA package.

Enzyme expansion rates

For a given reaction class (represented by a unique, four-part Enzyme Commission
number) found among two or more species, we plotted the log;¢ of the number of protein
sequences associated with that reaction class against the log;, of the total number of
proteins in the genome, for each of the species. We then performed a least-squares linear
regression on the variables using the Im function in the R stats package, and extracted the




slope of the linear regression. In the case of a logarithmic transformation of both
variables, the estimated slope of the regression represents a power-law scaling exponent,
which indicates how the number of enzymes associated with a reaction class has
expanded with respect to changes in the total number of proteins (45). Scaling exponents
near | indicate a reaction class whose associated protein inventories have expanded
linearly along with all the proteins in the genome. Exponents near 0 indicate minimal
changes in reaction inventory size compared to changes in proteome size.

Gene duplication data

Arabidopsis, soybean, and sorghum loci retained after whole-genome-duplication
were downloaded from the Plant Genome Duplication Database (PGDD) on December
23,2011 (Arabidopsis) and October 17, 2013 (soybean and sorghum) (46). These species
were chosen because the PGDD data were derived using the same genome annotation
versions as those used in the local duplication (LD) analysis in this study. Locally
duplicated (LD) genes were identified by searching the Arabidopsis, soybean, and
sorghum genomes using the following criteria: all LD genes must be 1) associated with
the same four-part EC number, 2) separated by no more than a 10-gene interval, and 3)
within 100kb from its nearest duplicate (47, 48).

Metabolic gene cluster identification and co-expression

Metabolic gene clusters in the analyzed genomes represent a heterogeneous mix of
enzymatic functions according to these parameters: 1) all genes in a cluster must be
associated with a four-part EC number, 2) more than one distinct EC number must be
represented in the cluster, and 3) all genes in a cluster must be contiguously located on
the same chromosome. Clusters that consisted entirely of a tandemly duplicated
metabolic gene were removed from analysis. To generate a background estimation of
clustering, we randomly redistributed EC annotations among all genes in each genome,
scanned the shuffled genomes for metabolic gene clusters, and recorded the number and
size of the identified clusters for each species. We repeated the process 1,000 times per
species to estimate the final background distribution of cluster sizes.

Pearson-based co-expression correlation values for all gene-gene comparisons were
taken from the Arabidopsis gene expression database ATTED-II (http://atted.jp)(/6). The
dataset consisted of 1,388 microarray slides comprising 58 individual experimental
treatments, including biotic and abiotic stress, hormones, and light, as well as tissue-
specific/development-related samples. We calculated co-expression values for four types
of gene sets: 1) clustered metabolic genes, 2) genes in metabolic pathways, 3) random
groups of genes, and 4) genes located contiguously along Arabidopsis chromosomes
(neighboring genes). For the neighboring gene set, we used a sliding-window approach
where we calculated co-expression for all contiguous genes residing within windows of
size 3-10 and 14 along the Arabidopsis genome. The window sizes were chosen to match
the distribution of cluster sizes found in Arabidopsis (Fig. 3A).

To calculate the co-expression value for each cluster or pathway, we performed the
following:

1) We divided the genes annotated to the cluster or pathway according to the
reactions they encode.
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2) For the resulting set of reactions, we identified all possible combinations of genes
so that each gene in the combination represents a different reaction in the set and no
reaction is represented by more than one gene.

3) For each combination of genes, we extracted the pairwise co-expression values
for all genes in the combination across all experimental treatments and recorded the
average of the maximum co-expression values for the gene combination.

4) The final co-expression value for the cluster or pathway represents the highest co-
expression value found among all of the gene combinations.

To generate the co-expression value for a random or neighboring gene set, we
extracted the maximum co-expression value found across all samples for each pairwise
combination of genes in the set. We then averaged the maximum values (as with Step 3
for the cluster and pathway gene sets) to calculate the final co-expression value for the
gene set. We compared the distributions of co-expression values between the background
sets (random and neighboring) and the test sets (specialized metabolism clusters and
pathways and non-specialized metabolism clusters and pathways) using the Wilcoxon
Rank Sum test. In the cluster example shown in fig. S9, the background control consisted
of the distribution of maximum co-expression correlation values for all pairwise
comparisons within each cluster.



Fig. S1.
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Sixteen species from the green plant lineage. The tree shown here depict the phylogenetic
relationships among the 16 species used in the analysis. The tree was generated by the
Interactive Tree of Life (http://itol.embl.de) and represents a pruned version of the NCBI
taxonomy (49).




Fig. S2.
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Schematic of the Ensemble Enzyme Prediction Pipeline (E2P2). Gray arrows and outlines
indicate the processes involved in learning the performance weights stored in the
performance matrix. All performance weights were estimated over 1,000 rounds of 0.632
bootstrap testing (39). The training data is based on a subset of SwissProt 15.3, where the
existence and functional annotation of each sequence is inferred from experimental
evidence (38). The total training dataset contains 25,562 sequences representing 2,406
four-part EC numbers and 91,267 sequences labeled as non-enzymes (36). Blue arrows
and outlines indicate the processes involved in base-level enzyme functional predictions.
Query sequences from the target genome are submitted to the individual classifiers (red).
Each classifier returns a predicted EC number (or no EC), based on searches against its
reference database. Next, weights are appended to each prediction using data learned
from the training procedure, where a weight represents the performance of that classifier
on that EC number. All weighted predictions are then processed by the integration
algorithm. Green arrows and outlines represent the ensemble classification process (37).
All weighted predictions are processed by an integration algorithm to produce a final
prediction. In this case, the decision is based on an average weight function where the EC
number with the highest average weight among the predictions is selected as the final
prediction.
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Fig. S3.
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Performance of the Ensemble Enzyme Prediction Pipeline (E2P2). (A, B) Performance of
ensemble algorithm and base-level methods for all EC numbers in 1,000 rounds of 0.632
bootstrap testing on a curated data set of 116,829 proteins (6). (C) F;-measure
performance of ensemble algorithm and base-level methods, sorted by decreasing
performance across all EC numbers.
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Fig. S4.
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Validation of the Ensemble Enzyme Prediction Pipeline (E2P2) on AraCyc data. (A, B)
Performance of ensemble algorithm versus enzyme annotation method used to predict
four-part EC numbers in AraCyc version 7.0 (40). Data set consisted of 1,300 manually

curated Arabidopsis enzyme sequences with four-part EC numbers and experimental
evidence of function.
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Fig. S5.
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Fig. Sé.
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Comparison of network structure among the species. Network diameter is a measure of
network size. Clustering coefficient and betweenness centrality are measures of network
density. Differences in these network features were tested using the Kruskal-Wallis test.
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Fig. S8.
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Differences in the level of network connectivity between land plants and algae. The
average number of reaction nodes in the land plant networks is significantly greater than
that found in the algal networks (Student’s t-test) (A). The increased number of reaction

nodes, given the similarity of size and density across all of the networks, has resulted in

greater connectivity in the plants networks, as seen in comparisons of the degree
distributions (B) and average neighbor degrees (C) (Kruskal-Wallis test). Note: A node’s

degree is the number of nodes to which it is directly connected, while a node’s average
neighbor degree is the average degree of its immediate neighboring nodes. The degree

distribution and average neighbor degree distribution describe the values of these
measures for all nodes in a network.
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Fig. S9.
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Cluster example. Cluster 104 contains six genes annotated to three types of
monooxygenation/hydroxylation and glycosylation reactions referenced in MetaCyc (24).
The reference reactions are assigned to separate pathways that act downstream of 2.5-
naringenin production in the flavonoid biosynthesis pathway and are related to the
metabolism of anthocyanins, flavonoids, and isoflavones. However, the classes of
compounds associated with these reactions are quite broad. Furthermore, the combination
of monooxygenation/hydroxylation and glycosylation has been observed for several
known plant specialized metabolic pathways, where hydroxylation followed by
glycosylation serves to stabilize a highly reactive compound or render toxic ones safe for
storage (50). Given that the existence of genistein, daidzein, and other isoflavones in
Arabidopsis is disputed (517), it is possible that the currently uncharacterized genes in
cluster 104 may be involved in the synthesis of novel metabolites. Intriguingly, we
identified a number of instances in which a monooxygenase/hydroxylase-related member
of cluster 104 co-expressed with a glycosylation-related member, perhaps in formulating
a novel metabolic response (mean co-expression of randomized clusters = 0.261; standard
deviation of co-expression from randomized clusters = 0.209, see Materials and
Methods).
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Table S1.

CEGMA

CEGMA

Species Complete Partial Version Source Filename
Arabidopsis thaliona 99.19% 99.60% 10 TAIR TAIR10_pep_201012714
Manifiotl esculent 88.31% 97.58% 147 Phytozome Mesculenta_147_peptide fa
({cassava)
Chlamydomonas 91.94% 95.56% 159 Phytozome Creinhardtii_169_peptide.fa
reinhardtii
Caccomyxa subellipsoidea 93,95 96.77 227 Phytozome CsubellipseideaC169_227 protein.fa
Vitis vinifera (grapevine} 78.63% 95.16% 145 Phytozome Vvinifera_145_peptidefa
B
Zea mays {maize) 89.92% 96.77% ﬁ\zzr?zl Maizesequence.org ZmB73_5b_FG5_translations fasta
Micromonas pusifla MpusillaCCMP1545 228 proteinfa
CCMP1545 90.73 91.13 228 Phytozome
Micromanas pusiil 50.32 90.73 229 Phytozome MpusillaRCC299_229_protein fa
RCC299
Physcamiftrella potens o 5 .
(moss) 97.18% 97.58% 152 Phytozome Ppatens_152_peptide.fa
Ostreacoccus lucimarinus 88.31 89.52 231 Phytozome Olucimarinus_231_protein.fa
Popuh.(l;églc;?carpa 94.35% 97.58% 156 Fhytozome Ptrichocarpa_156_peptidefa
Qryza Saﬁ‘z:_s;;" JAPONICE.  gc oo 98.39% 120 Phytozome Qsativa_120_peptidefa
Selaginelia moellendorfii 99.60% 99.60% 91 Phytozome Smoellendorffii_91_peptide.fa
Sorghum bicolor 95.56% 98.79% 79 Phytozome Shicolor_7%_peptide fa
Glycine max (soybean) 93.15% 98.79% 109 Phytozome Gmax_109_peptide.fa
Volvox carteri 88.71 94.76 199 Phytozome Vcarteri_199_protein.fa

Genome data sources and annotation quality check. CEGMA tests genome annotation
quality by searching for the presence of 458 conserved, core eukaryotic proteins (32).
The CEGMA Complete score represents the percentage of the 458 test proteins found in
the target species that meet a minimum alignment length threshold of 70%. The CEGMA
Partial score represents the percentage of the 458 test proteins that do not meet the 70%
alignment length threshold but still exceed a pre-computed minimum alignment score.
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Table S2.

. . Network Network

Species Proteins Enzymes .
nodes links
Arabidopsis 35386 6746 1234 9342
Cassava 34151 7153 1275 10342
Chlamy 17114 1892 948 6182
Coccomyxa 9629 1734 1024 7100
Grapevine 26346 5319 1246 9523
Maize 63540 10417 1261 10055
Micromonas C 10660 1414 885 5487
Micromonas R 10103 1490 890 5497
Moss 38354 5649 1204 8881
Ostreoccocus 7796 1295 804 4708
Poplar 45033 8664 1273 10388
Rice 51258 8444 1243 10431
Selaginella 22285 3947 1191 9353
Sorghum 29448 6241 1230 9566
Soybean 55787 12124 1249 9688
Volvox 15286 1832 900 5788

Summary of inferred enzymes and metabolic networks. Protein figures represent the total

number of gene coding sequences including splice variants, as annotated at Phytozome

(www.phytozome.org). Enzyme numbers are the subset of proteins assigned to four-digit

Enzyme Commission numbers by an in-house functional annotation pipeline shown in
fig. S2. Nodes in the metabolic networks are the set of unique reactions associated to

each species’ enzyme inventory. Network links are the number of compounds connecting
two nodes in the network.
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Table S3.

Class Mean Willcoxon Rank Sum test
Specialized metabolism 7.968 NA
Aminas and polyamines 3.005 W=5112, p-value = 3.9892-05
Amino acids 3.445 W= 25134, p-value = 1.069e-09
Carbohydrates 5.551 W =23322, p-value = 0.001057
Cofactors 3.034 W = 17768, p-value = 8.3512-09
Detox 6.079 W = 24855, p-value = 0.3266
Energy 4.242 W =11926.5, p-value = 0.01743
Fatty acids and lipids 4,344 W =13454, p-value = 0.001197
Hormenes 6.209 W =3672, p-value = 0.8585
Inorganic nutrients 4528 W = 4360, p-value = 0.01244
Intermediate 4,616 W =3281, p-value = .5745
Nucleatides 3289 W = 17466, p-value = 6.695e-08
Redox 6.275 V =12720, p-value < 2.2e-16

Comparisons of the average mean size of EC-based enzyme families belonging to each
functional class versus specialized metabolism. Differences in the distribution of family
sizes were assessed statistically using the Wilcoxon Rank Sum test.
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Table S4.

Amines and Palyamines
Amino Acids
Carbohydrates
Cofactors
Detoxification

Energy

Fatty Acids and Lipids
Hormones

Inorganic Nutrients
Intermediate
Nucleotides

Redox

Specialized Metakolism

Enrichment of functional domains in four plant species. The table lists p-values
associated with the enrichment of functional domains in clustered gene sets for four

Arabidopsis Soyhean Sorghum Rice
0.46867 0.3166 0.3516 0.4532
0.1502 0.2723 0.7986 0.0147
0.1698 0.0004 0.8674 0.3257
0.2871 0.9615 0.1870 0.0229
0.1628 0.1309 0.0185 0.0166
0.2703 0.8488 0.8683 0.2122
0.0020 0.7730 0.6522 0.7030
0.0998 0.6093 0.3128 03771
0.3095 0.9614 0.6210 0.5024
0.7375 0.6433 0.9963 0.4840
0.9329 0.8293 0.5623 0.0134
0.0802 0.6539 0.1685 0.1110
0.0014 0.0071 0.7436 .9958

species. P-values were calculated using the hypergeometric test. P-values < 0.01 in bold.
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Additional Data Table S1 (separate file)

Sequence IDs, Enzyme Commission classes, and MetaCyc reactions annotated to the
protein datasets for the 16 species in the study.

Additional Data Table S2 (separate file)

Mapping files for all reactions and pathways in the study, including common names,
Enzyme Commission classes, functional classifications, and literature citations, where
relevant.

Additional Data Table S3 (separate file)

Reactions unique to each lineage grouping, as well as their functional classifications and
associated pathways.

Additional Data Table S4 (separate file)

Gene IDs and classifications for all genes involved in the local duplication and whole-
genome duplication analyses.

Additional Data Table S5 (separate file)

Gene IDs and Enzyme Commission classes for all genes found clustered in their
respective species, organized by cluster.
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