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ABSTRACT:The assignment of functions to uncharacterized
proteins discovered in genome projects requires easily accessible
tools and computational resources for large-scale, user-friendly
leveraging of the protein, genome, and metagenome databases by
experimentalists. This article describes the web resource
developed by the Enzyme Function Initiative (EFI; accessed at
https://e� .igb.illinois.edu/) that provides“genomic enzymology”
tools (“web tools”) for (1) generating sequence similarity
networks (SSNs) for protein families (EFI-EST); (2) analyzing
and visualizing genome context of the proteins in clusters in
SSNs (in genome neighborhood networks, GNNs, and genome
neighborhood diagrams, GNDs) (EFI-GNT); and (3) prioritizing uncharacterized SSN clusters for functional assignment based
on metagenome abundance (chemically guided functional pro� ling, CGFP) (EFI-CGFP). The SSNs generated by EFI-EST are
used as the input for EFI-GNT and EFI-CGFP, enabling easy transfer of information among the tools. The networks are
visualized and analyzed using Cytoscape, a widely used desktop application; GNDs and CGFP heatmaps summarizing
metagenome abundance are viewed within the tools. We provide a detailed example of the integrated use of the tools with an
analysis of glycyl radical enzyme superfamily (IPR004184) found in the human gut microbiome. This analysis demonstrates that
(1) SwissProt annotations are not always correct, (2) large-scale genome context analyses allow the prediction of novel
metabolic pathways, and (3) metagenome abundance can be used to identify/prioritize uncharacterized proteins for functional
investigation.

Genome sequencing continues to add a staggering amount
of information to the protein databases. The UniProtKB

database (https://www.uniprot.org/; 156 637 804 entries in
Release 2019_04) is increasing with a doubling time of� 2.5
years (Supplementary Figure S1). Less than 0.4% of the entries
have manually curated annotations (UniProtKB/SwissProt);
the remaining entries are annotated computationally based on
sequence homology (UniProtKB/TrEMBL), so many of these
annotations are either imprecise or incorrect. With the number
of sequences doubling every� 2.5 years, the“dark matter”,1

sequences for which no precise and/or validated function is
available, is exploding; however, dark matter provides a
tremendous resource for biology because it contains
undiscovered novel enzymes and metabolic pathways. The
challenge is to leverage the protein and genome databases so
that the dark matter can be illuminated. Experimental studies
integratingin vitrobiochemistry within vivophysiological and
genetic approaches are required, but these are time-consuming
and expensive. Thus, the development of user-friendly tools to
prioritize, rationalize, and guide these experiments is a
worthwhile, even necessary, goal.

We use the term“genomic enzymology”2 to describe the
integrated strategy of using protein families and the genome

context of their members to focus studies of enzyme
mechanisms, discover new reactions and metabolic pathways,
and describe the evolution of enzyme function in molecular
terms (sequence and structure). Enzyme superfamilies evolve
from a common ancestor;2 although their members often do
not catalyze the same reaction (functionally diverse), their
reactions can share a partial reaction, intermediate, or
transition state, or their substrates can share similar structures.
The functional space to explore is thus reduced, facilitating
hypothesis generation. Novel functions have been assigned to
the dark matter using the genomic enzymology strategy.3,4

We have democratized genomic enzymology by developing a
user-friendly web resource with three tools (“web tools”) to
mine, integrate, and leverage the protein, genome, and
metagenome databases to facilitate experimental investigation
for con� rmation of function. The resource provides the EFI-
EST tool for generating sequence similarity networks (SSNs)
for protein families (Supplementary Figure S2A); the EFI-
GNT tool for analyzing and visualizing genome context for
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Figure 1.Flowchart for the integrated use of the tools. The input for the EFI-EST tool is a user-speci� ed protein family, in this manuscript, the
GRE superfamily (IPR004184); the output from EFI-EST is an SSN. The clusters in the SSN can be assigned unique colors and numbers using the
Color SSNs utility (right path) to generate a colored SSN. The SSN from EFI-EST also can be used as the input for the EFI-GNT tool (left path)
that generates (1) a colored SSN that also contains genome neighborhood information (2) two genome neighborhood networks (GNNs) that
summarize genome context, and (3) genome neighborhood diagrams (GNDs) that allow visualization of the genome neighborhoods for each
bacterial, archaeal, and fungal protein in each SSN cluster of the input SSN. The colored SSN from either the Color SSNs utility or EFI-GNT is
used as input for EFI-CGFP to map metagenome abundance to SSN clusters; the output includes a colored SSN with information about family-
speci� c sequence markers and their metagenome abundance and a heatmap that provides a visual summary of metagenome abundance for each
SSN cluster and singleton.
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clusters in SSNs (Supplementary Figure S2B); and the EFI-
CGFP tool for chemically guided functional pro� ling that maps
metagenome abundance to SSN clusters (Supplementary
Figure S2C).

The initial versions of EFI-EST and EFI-GNT were
developed by the Enzyme Function Initiative (EFI)5 that
devised large-scale tools and strategies for assigning activities
and metabolic functions to uncharacterized enzymes (NIH
U54GM09334). A Program Project (NIH P01GM118303)
focused on using the ligand speci� cities of solute binding
proteins for transport systems6 to identify catabolic pathways
provided support for enhancing both EFI-EST and EFI-GNT
as well as developing EFI-CGFP. This article reports signi� cant
enhancements to EFI-EST that was� rst described in a tutorial
in 2015;7 it also provides the� rst detailed descriptions of EFI-
GNT and EFI-CGFP. Overviews of all three tools were
published previously.8,9 This article also provides an example
of the integrated use of the tools to analyze the glycyl radical
enzyme (GRE) superfamily (IPR004184).

� RESULTS
Protein and Genome Sequence Databases.The tools

use protein sequences from UniProtKB and genome sequences
from the European Nucleotide Archive (ENA;https://www.
ebi.ac.uk/ena). These databases, maintained by the European
Molecular Biology Laboratory� European Bioinformatics In-
stitute (EMBL-EBI), were selected because annotations in the
UniProt database can be corrected by community input
(https://www.uniprot.org/update); the National Center for
Biotechnology Information (NCBI) maintains larger protein
and genome databases, but these are archives that can be
updated/corrected only by depositors. The tools use the Pfam
(https://pfam.xfam.org/; 17 929 sequence-based domain
families and 628 clans in Release 32.0) and InterPro
(https://www.ebi.ac.uk/interpro/; 35 484 structure- and se-
quence-based homologous superfamilies, domains, and families
in Release 74) databases, also maintained by EMBL-EBI, to
facilitate investigation of sequence-function relationships in
protein families.

Sequence Similarity Networks (SSNs).The tools were
designed to both generate and leverage the analyses of
information in sequence similarity networks (SSNs) that
display sequence-function space in homologous protein
families. Atkinson and Babbitt described SSNs in 2009.10

Brie� y, an SSN is a multidimensional network displaying the
pairwise sequence similarity relationships among homologous
proteins. Each protein is represented by a symbol (“node”);
two nodes are connected by a line (“edge”) if they share
pairwise sequence similarity that exceeds a speci� ed threshold.
SSNs are visualized and analyzed in Cytoscape12 (https://
cytoscape.org/). The use of SSNs to explore sequence-function
space in proteins families has been reviewed.7,13� 16

In 2012, Barber and Babbitt described Pythoscape, a
software package for generating SSNs for large protein
families.11 Its use requires knowledge of both Unix and
command line scripts as well as access to a computer cluster
with a su� cient number of processors and memory to perform
pairwise sequence comparisons (using BLAST) for large
protein data sets. Pythoscape was developed by bioinforma-
ticians for use by bioinformaticians, not experimentalists, so it
is not widely used.

Bioinformaticians and evolutionary biologists typically use
phylogenetic trees to analyze sequence relationships in protein

families. Trees [from multiple sequence alignments (MSAs)
that require expert user intervention] are more“accurate” than
SSNs because they permit analyses of phylogenetic relation-
ships; however, trees are more computationally demanding to
generate for large families.17� 19 Also, visualization of trees for
large families is di� cult,20� 22 so representative sequences are
used, making it di� cult to locate sequences not included in the
MSA. Copp and Babbitt compared the SSN generated by their
in-house protocols (using Pythoscape that requires access to a
computer cluster and knowledge of command line scripts) and
a carefully constructed phylogenetic tree for the� avin-
dependent nitroreductase (NTR) superfamily;15,16,23 they
concluded that SSNs are an e� ective approach for analyzing
uncharacterized sequence-function space in this superfamily.
Similar analyses have con� rmed the utility of SSNs for
exploring other protein families,24� 26 with the goal of targeting
proteins for functional characterization.

EFI Web Resource for Leveraging the Protein,
Genome, and Metagenome Databases.The web tools
were developed by experimentalists for use by experimentalists.
They provide experimentalists with user-friendly access to
SSNs using a computer cluster purchased by the EFI; users do
not need programming expertise, access to a computer cluster,
and/or collaboration with a bioinformatician. Experimentalists
want visualization and analysis of sequence-function space to
be fast and intuitive, i.e., quickly segregated into easily
recognized isofunctional groups that separate orthologues
from paralogues,27 so hypotheses about the function can be
e� ciently developed (EFI-EST). Experimentalists also want
facile access to genome context so that orthologues can be
distinguished from paralogues using functionally linked
enzymes encoded by proximal genes27 (EFI-GNT). And,
experimentalists want to focus on“important” targets, e.g.,
abundance in relevant metabolic niches (EFI-CGFP). Our
experience,3,4,28,29 and that of many others,8 is that the tools
meet these expectations.

We have used the tools to generate SSNs using EFI-EST,
genome neighborhood networks (GNNs) and genome
neighborhood diagrams (GNDs) using EFI-GNT, and perform
CGFP using EFI-CGFP for many protein families and
superfamilies, including the very large,“high-pro� le” radical
SAM superfamily26 that includes 502,456 sequences in Release
74 of the InterPro database (IPR007197 plus IPR006638).
The tools have been accessed by >4000 users from six
continents; >240 journal articles and� ve US patents have been
published describing the use of the tools. Thus, the tools are
robust and generally applicable for facilitating the assignment
of in vivo activities andin vivo metabolic functions for
uncharacterized proteins. In addition, SSNs generated with
EFI-EST are useful for surveying sequence-function space in
protein families to facilitate both sampling of diverse sequences
for novel properties and functions and identifying progenitors
for the laboratory evolution of new functions.30

The tools are freely accessible athttps://e� .igb.illinois.edu/
(Supplementary Figure S2). The next sections provide brief
overviews of the tools; detailed descriptions and instructions
for their use are provided in theSupporting Information. Then,
an example is provided of the EFI-EST to EFI-GNT to EFI-
CGFP pipeline (Figure 1), illustrating the ease of transferring
information with SSNs and the functional insights that can be
obtained.

EFI-EST (https://e � .igb.illinois.edu/e� -est/). EFI-EST
(Supplementary Figure S2A) provides four options for
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generating SSNs that di� er by type of input data. The SSNs
include“node attributes” with various types of information
about each node in the SSN (Supplementary Table S1); these
assist the user in analyzing the SSN and choosing a sequence
similarity (alignment score) threshold for segregating nodes
into isofunctional clusters.

EFI-EST“Sequence BLAST” Tab: Single Sequence
Query (Option A; Supplementary Figure S3A). Option A
allows high-resolution exploration of local sequence-function
space for a user-supplied query. A sequence is used as the
query for a BLAST search of the UniProt database; the
retrieved sequences are used to generate the SSN.

EFI-EST“Families” Tab: Pfam and/or InterPro Fami-
lies; Pfam Clans (Option B;Supplementary Figure S3B).
The SSN is generated using sequences in one or more Pfam
and/or InterPro families. For families with >25 000 sequences,
EFI-EST uses UniRef90 clusters (UniProt IDs clustered at
� 90% sequence identity) to generate SSNs; for families with
>100 000 UniRef90 clusters, EFI-EST uses UniRef50 clusters
(UniProt IDs clustered at� 50% sequence identity) to
generate SSNs. The use of the UniRef databases in which
the entries in UniProt are con� ated in clusters that share 90%
(UniRef90) and 50% (UniRef50) sequence identity (described
in the Supporting Information) facilitates the generation of
SSNs that can be visualized on laptop/desktop computers.

EFI-EST“FASTA” Tab: FASTA File (Option C;Supple-
mentary Figure S3C). The SSN is generated from user-
supplied sequences in the FASTA format, e.g., from an NCBI
BLAST (https://blast.ncbi.nlm.nih.gov/Blast.cgi). The FASTA
headers can be read for UniProt and NCBI accession IDs
(acceptable formats inSupplementary Table S2); sequences
and node attribute information for generating the SSN can be
retrieved for NCBI IDs that have“equivalent” UniProt IDs.

EFI-EST“UniProt IDs” Tab: UniProt and/or NCBI IDs
(Option D; Supplementary Figure S3D). The SSN is
generated from a list of UniProt IDs and/or NCBI IDs;
sequences and node attribute information for generating the
SSN can be retrieved for NCBI IDs that have“equivalent”
UniProt IDs. EFI-GNT provides lists of the UniProt IDs for
genome neighbors not associated with a Pfam family (� 20% of
the UniProt entries are not associated with a Pfam family);
Option D can be used to identify uncurated protein families.
Also, the Color SSN utility and EFI-GNT both provide lists of
UniProt and UniRef cluster IDs for proteins in SSN clusters;
these lists can be used with Option D to provide higher
resolution SSNs for clusters in large SSNs.

EFI-EST“Color SSNs” Tab: Utility for Identifying and
Coloring SSN Clusters (Supplementary Figure S3E). The
“Color SSNs” utility assigns a unique color and number to each
SSN cluster and a unique number to each SSN singleton (node
attributes inSupplementary Table S1). The colored SSN is
useful for describing the SSN; the numbers are required by
EFI-CGFP for quantitating metagenome abundance. Addi-
tional � les are provided, including lists of accession IDs and
FASTA-formatted sequences for each SSN cluster that can be
used to generate higher resolution SSNs for clusters in SSNs
generated with the UniRef databases and representative node
SSNs (seeSupplementary Methods).

EFI-GNT (https://e � .igb.illinois.edu/e� -gnt/ ). EFI-GNT
(Supplementary Figure S2B) collects, analyzes, and displays
genome neighborhood information for the bacterial, archaeal,
and fungal proteins in clusters in an input SSN; the user
speci� es a neighborhood open reading frame (orf) window

(default±10 genes) and a co-occurrence frequency of queries
in SSN clusters with neighbor Pfam families (default 20%).
EFI-GNT generates a colored SSN with genome context
information (vide infraand Supplementary Methods), two
“genome neighborhood networks” (GNNs) that provide
statistical analyses of the co-occurrence frequencies of queries
and their genome neighbors for each SSN cluster (node
attributes for the colored SSN and GNNs inSupplementary
Tables S3, S4, and S5), and interactive genome neighborhood
diagrams (GNDs) for each bacterial, archaeal, and fungal
protein in each SSN cluster. The GNNs allow functionally
linked genes, e.g., encoding enzymes in a metabolic pathway,
to be identi� ed, on a large scale; they also allow assessment of
whether multiple SSN clusters are orthologous. The GNDs
allow visual assessment of whether the proteins in a cluster are
orthologues or paralogues.

EFI-CGFP (https://e � .igb.illinois.edu/e� -cgfp/). EFI-
CGFP (Supplementary Figure S2C) is a tool for“chemically
guided functional pro� ling” (CGFP). Balskus, Huttenhower,
and co-workers described CGFP,31 a computational pipeline
using ShortBRED32 to map metagenome abundance to SSN
clusters (node attributes added to the input SSN in
Supplementary Table S6).

Brie� y, the � rst stage of the CGFP pipeline involves (1)
identi� cation of the clusters and sequences in the input SSN,
(2) grouping the sequences in“ShortBRED families” in which
the sequences share >85% sequence identity so that they are
expected to be isofunctional, (3) determination of the
consensus sequence for each ShortBRED family, and (4)
identi� cation of unique sequence motif markers for each
consensus sequence. In the second stage of the CGFP pipeline,
(1) the user selects the metagenome data sets that will be used
for mapping abundance to SSN clusters, (2) the unique
sequence motif markers are used to quantitate the abundance
of matches in the selected metagenome data sets for the
ShortBRED families, and (3) the abundances are integrated
and mapped to the sequences in the clusters and singletons in
the input SSN, with a heatmap providing a convenient visual
summary of the results. Additional details are provided in the
Supplementary Methods.

As originally described,31 CGFP is not accessible to
experimentalists because it requires knowledge of Unix, the
use of command line scripts, and access to a computer cluster.
Given our own desire to use CGFP to prioritize targets for
functional assignment as well as the dependence of CGFP on
SSNs generated with EFI-EST, we developed the EFI-CGFP
tool to enable user-friendly access to CGFP by the
experimental community. Because CGFP associates metage-
nome abundance with speci� c clusters in SSNs that contain
orthologous/isofunctional groups of proteins, it enables higher
levels of functional inference for uncharacterized clusters than
is possible with the typical annotation of metagenome
sequences using general genome ontology (GO) terms and/
or the often broad functional curations of InterPro families.
And, as illustrated by Levin and co-workers, CGFP prioritizes
uncharacterized SSN clusters for experimental investigation.

Exploring the Glycyl Radical Enzyme (GRE) Super-
family (IPR004184) with EFI-EST, EFI-GNT, and EFI-
CGFP.We illustrate the integrated use of the tools (Figure 1)
by analyzing the glycyl radical enzyme (GRE) superfamily
(IPR004184) using sequences from Release 2019_04 of the
UniProt database/Release 74 of the InterPro database. The
generation of SSNs and GNNs and the CGFP analyses are
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“quick” for the“small” superfamily with 20 232 sequences, at
least when compared to the time required for similar analyses
of the extremely large and functionally diverse radical SAM
superfamily26 (vide infra).

We selected the GRE superfamily because Levin and co-
workers used an early version of the EFI-EST tool to both
develop CGFP and discover the 4-hydroxy-L-proline and 1,2-
propanediol dehydratase functions in the GRE superfamily.31

Their studies used the then available 6343 sequences in
IPR004184 from Release 2015_08 of the UniProt database/
Release 53 of the InterPro database. The analyses reported in
this manuscript used the 20 232 sequences in IPR004184 from
Release 2019_04 of the UniProt database/Release 74 of the
InterPro database. Therefore, the SSNs and CGFP heatmaps
reported by Levin and co-workers necessarily di� er in detail
from those described in this article; however, the conclusions
are qualitatively similar.

Links to the actual tool pages generated in this example,
including those for analyzing the data sets and downloading
the SSNs as well as various output text� les, are available from
the web resource (https://e� .igb.illinois.edu/training/); the
output � les can be downloaded for visualization with
Cytoscape and/or for additional analyses. The reader may
want to access the pages while reading the descriptions in the
following sections.

EFI-EST.The“Families” tab of EFI-EST (Option B) is used
to generate SSNs. When the InterPro family identi� er
(IPR004184) is entered (Supplementary Figure S4A), the
numbers of UniProt IDs (20 232), UniRef90 clusters (6020),
and UniRef50 clusters (1365) are displayed. SSNs were
generated for all three databases and� ltered to include edges
with a minimum edge alignment score of 240 and proteins
with a minimum length of 650 residues (vide inf ra);
information about the full SSNs (nodes for all UniProt IDs,
UniRef90 cluster IDs, and UniRef50 cluster IDs) is provided in
Table 1.

The full UniProt SSN (a node for each sequence;
Supplementary Figure S5A) can be opened with a desktop
computer with 256GB RAM (e.g., a fully con� gured iMac
Pro); the full UniRef90 (Supplementary Figure S5B) and
UniRef50 (Supplementary Figure S5C) SSNs (a node for each
UniRef cluster ID) can be opened with most desktop/laptop
computers. This overview uses the full UniRef90 SSN because
it provides an accessible“high-resolution” view (90% sequence
identity almost always separates orthologues from paralogues)
and can be opened on most desktops/laptops. (For large
protein families, e.g., the radical SAM superfamily, UniRef50
SSNs provide an acceptable resolution that can be increased
for speci� c clusters by higher resolution analyses).

When the job was completed, the“Dataset Analysis” tab on
the “Dataset Completed” page (Supplementary Figure S4B)
provided the“Sequences as a Function of Length Histogram”
(Figure 2A), “Alignment Length vs Alignment Score Box Plot”
(Figure 2B), and (3)“Percent Identity vs Alignment Score Box
Plot” (Figure 2C) that are used to select the minimum

alignment score (sequence similarity) threshold for connecting
nodes in the initial SSN, with subsequent analyses re� ning the
alignment score to achieve an SSN with isofunctional clusters
(vide infra).

The value of the minimum alignment score threshold for
generating an SSN should be based on edges calculated from
BLAST alignments for“full-length” sequences. From in-
spection of the“Sequences as a Function of Length
Histogram”, the “full-length” for a member of the GRE
superfamily is >650 residues (blue arrow inFigure 2A). The
sequence data set from UniProt includes fragments; these have
minimal impact on the interpretation of the SSNs but should
be removed for CGFP analyses (vide infra). Therefore, from
the “Alignment Length vs Alignment Score Box Plot”, the
initial minimum alignment score threshold should be >80
(corresponding to an alignment length of >650 residues, green
arrows inFigure 2B).

Within protein families, the transfer of annotations between
sequences that share less than� 35% identity is generally
considered unreliable. Therefore, when generating SSNs for
protein families for which the user has limited knowledge and
to provide an initial overview of the family, we suggest using an
initial minimum alignment score threshold for drawing edges
that corresponds to >35%, i.e., nodes representing sequences
that share >35% sequence identity will be connected by edges,
de� ning SSN clusters. Analysis of this SSN (vid infra) will
allow the user to assess whether SSNs with di� erent alignment
scores need to be generated to produce orthologous/
isofunctional clusters. Following this guideline, 120 was
selected as the initial minimum alignment score using the
“Percent Identity vs Alignment Score Box Plot” (red arrows in
Figure 2C). Therefore, on the“SSN Finalizations” tab on the
“Data Set Completed” page (Supplementary Figure S4C), 120
was entered in the“Alignment Score Threshold” box, 650 in
the “Minimum” box in the “Sequence Length Restriction
Options” accordion, and“IPR004184_IP74_UniRef90” as the
network name that appears in Cytoscape and the user’s
“Previous Jobs” tab on the EFI-EST home page and“Job
History” page.

When the edge and minimum length� ltering was
completed, SSN� les were available from the“Download
Network Files” page (Supplementary Figure S4D); the user
can download the full SSN (all UniRef90 cluster IDs) or
representative node (rep node) SSNs (cluster IDs grouped in
metanodes sharing levels of sequence identity). The full SSN
� le was downloaded.

The initial SSN (designated SSN120; Figure 3A) was
analyzed to determine whether the 11 experimentally
characterized functions (vide infra) were segregated in distinct
(isofunctional) clusters. Five SwissProt-curated functions are
represented in the SSN (mapped to metanodes using the
Select panel of Cytoscape to interrogate the“SwissProt
Description” node attribute): pyruvate formate lyase/formate
acetyl transferase33 (PFL; 20 UniProt IDs in eight metanodes;
cyan), trans-4-hydroxy-L-proline dehydratase31 (one UniProt

Table 1. Comparison of the SSN Job Parameters for the GRE Superfamily (IPR004184)

job
time

(min)
(meta)nodes before

� ltering
edges before

� ltering
(meta)nodes after

� ltering
edges after

� ltering clusters singletons
xgmml

MB

UniProt 340 20 232 166 127 802 16 299 32 789 379 200 196 8770
UniRef90 40 6020 13 553 197 4178 1 187 272 200 196 336
UniRef50 10 1365 449 488 520 179 234 174 8
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ID; olive), choline trimethylamine lyase34 (one UniProt ID;
green), 4-hydroxyphenylacetate decarboxylase35 (� ve UniProt

IDs in two metanodes; orange), and benzylsuccinate
synthase36 (one UniProt ID; lime). Nineteen SwissProt

Figure 2.Determining the value for the minimum alignment score threshold for generating the initial SSN (SSN120) by EFI-EST. Panel A,
“Sequences as a Function of Length Histogram”. Panel B,“Alignment Length vs Alignment Score Box Plot”. Panel C,“Percent Identity vs
Alignment Score Box Plot”. The use of the histogram and box plots for determining the minimum alignment score threshold for the initial SSN is
described in the text: Panel A is used to determine the“full-length” of single-domain proteins (>650 residues; blue arrow). Panel B is used to
determine the lower limit of the alignment score threshold (y-axis) that for“full-length” single-domain proteins (x-axis); i.e., the alignment score is
chosen at a length that corresponds to >650 residues; green arrows). Panel C is used to associate percent identity (y-axis) with alignment score (x-
axis), with 35� 40% of the recommended value for generating the initial SSN, i.e., an alignment score� 120 (red arrows).
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curations are“inferred from homology” (circles); nine are
based on“experimental evidence at protein level” (diamonds).
Six additional functions, reported in the literature but not
curated by SwissProt, also are represented (triangles): glycerol
dehydratase37 (blue) 1,2-propanediol dehydratase31 (red),
isethionate sul� te lyase38 (magenta), alkylsuccinate synthase39

(yellow), indoleacetate decarboxylase40 (purple), and phenyl-
acetate decarboxylase41 (teal). Note that many clusters do not
contain nodes with SwissProt- or literature-curated functions;
these can be targeted for functional assignment (vide infra).

In SSN120 (>35% sequence identity required for draw
edges), the 11 functions described in the previous paragraph
are located in two clusters. Therefore, SSNs were generated
with a series of larger minimum values of sequence identity
(larger minimum alignment scores) so that the minimum
alignment score/sequence identity that segregates the di� erent
functions in separate (isofunctional) SSN clusters could be
determined by mapping the 11 functions to the SSN and visual
inspection.

With an alignment score threshold of 240 (SSN240, � 58%
sequence identity;Figure 3C), we observed that ten of the 11
functions are separated, with the glycerol dehydratase (blue)
and 1,2-propanediol dehydratase (red) functions located in the

same cluster. Because the substrates for the dehydratases are
structurally similar and the reaction types/mechanisms are the
same, we considered SSN240 isofunctional for the purpose of
evaluating genome contexts with EFI-GNT and metagenome
abundance with EFI-CGFP. [An alignment score threshold of
320 (SSN320, � 70% sequence identity;Figure 3D) separates
the glycerol dehydratase and 1,2-propanediol dehydratase
functions, although the SSN reveals phylogenetic separation,
most noticeable with the largest cluster (PFL;vide infra).]
Within the GRE superfamily, and other functionally diverse
superfamilies, functions do not evolve uniformly with
decreasing sequence identity, so di� erent alignment scores
may have to be used to obtain isofunctional clusters
(accomplished by generating daughter networks with separate
multifunctional clusters and applying more stringent alignment
scores to these).

[Levin and co-workers used a minimum alignment score of
300 in their analyses of the GRE superfamily.31 In this
manuscript, we use an alignment score of 240 because it
separates the reported functions into distinct isofunctional
clusters. As noted in the previous paragraph, the use of a larger
alignment score than necessary to generate isofunctional
clusters may“over-fractionate” the SSN so that orthologues

Figure 3.UniRef90 SSNs for IPR004184 generated at several alignment scores illustrating the procedure to obtain isofunctional (orthologous)
clusters. Panel A, alignment score threshold of 120; the 11 characterized functions are not segregated. Panel B, alignment score threshold of 185;
the dehydratase functions are located in the same cluster (red arrow), highlighting the ability of SSNs to associate related functions. Panel C,
alignment score threshold of 240; ten of the 11 characterized functions are in separate clusters; glycerol dehydratase and 1,2-propanediol
dehydratase are in the same cluster (blue arrow; same reactions using similar substrates). Panel D, alignment score threshold of 320; the glycerol
dehydratase (magenta arrow) and 1,2-propanediol dehydratase (green arrow) functions are segregated. Nodes are colored as described in the text:
PFL, cyan; choline trimethylamine lyase, green;trans-4-hydroxy-L-proline dehydratase, olive; 4-hydroxyphenylacetate decarboxylase, orange;
benzylsuccinate synthase; lime; glycerol dehydratase, blue; 1,2-propanediol dehydratase, red; isethionate sul� te lyase, magenta; alkylsuccinate
synthase, yellow; indoleacetate decarboxylase, purple; and phenylacetate decarboxylase, teal.
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in di� erent phylogenetic contexts are located in multiple
clusters.“Over-fractionation” may be useful for interpretation
of genome context if the genome contexts for the di� erent
phylogenetic contexts are not conserved (vide infrafor EFI-
GNT); however, we do not recommend it for the initial
analyses of the SSN for a protein family.]

In SSN240, the SwissProt-curated PFL function (aqua) is
located in four clusters. With a minimum edge alignment score
of 185 (SSN185; � 50% sequence identity;Figure 3B), two PFL
clusters merge, along with several smaller clusters. Cross-
referencing the clusters in SSN240 to those in SSN120, SSN185,
and SSN320 (Figure 4) was accomplished using the BridgeDB
Cytoscape app that adds node attributes from the“color
mapping” � le generated by the Color SSN utility that
associates the SSN240 cluster color and number with the
accession ID (a detailed description of the use of BridgeDB is
provided in theSupplementary Methods); the Select and Style
control panels of Cytoscape then are used to color the nodes in
SSN120, SSN185, and SSN320. Multiple sequence alignments
(MSAs) of the merged PFL clusters (using the FASTA� le for
each SSN cluster also provided by the Color SSNs utility)
reveal the presence of the expected PFL Cys-Cys active site
motif (highlighted in yellow inSupplementary Figure S6),
consistent with both clusters having the PFL function

(separate clusters in SSN240 as the result of phylogenetic
divergence).

In SSN185, the clusters from SSN240 containing the trans-4-
hydroxy-L-proline dehydratase (olive), glycerol dehydratase
(blue), and 1,2-propanediol dehydratase (red) functions merge
with the two remaining clusters with SwissProt“PFL”
annotations; these“PFL” annotations were“inferred from
homology” (since 2010, SwissProt annotations have been
based on“experimental evidence at protein level”; earlier
“inferred from homology” annotations have not been
removed/corrected). Levin and Balskus reported that many
clusters in the GRE superfamily share a conserved“dehy-
dratase” active site motif and proposed that dehydratase
functions are ubiquitous.31 MSAs of the“PFL” clusters in this
merged“dehydratase” cluster reveal the dehydratase motif
(highlighted in cyan inFigure S6). We conclude that these
SwissProt“PFL” curations are incorrect, the result of extending
functions beyond their sequence boundaries and demonstrat-
ing the di� culty of distinguishing orthologues from paralogues
using homology-based methods (that are no longer used by
SwissProt).

This analysis demonstrates that SSNs are easy to generate;
importantly, they inform inferences of function based on
homology. Users of SSNs need to examine the basis for the
SwissProt annotations (“inferred from homology” or “exper-

Figure 4.The SSNs inFigure 2colored using the unique colors assigned to the clusters/UniProt IDs in SSN240 (“isofunctional” SSN). The
coloring of SSN120(Panel A), SSN185(Panel B), and SSN320(Panel D) was accomplished using the BridgeDB Cytoscape app and the“UniProt ID-
Color-Cluster Number” mapping table provided by the Color SSN utility for SSN240(Panel C); this table associates each accession ID in the SSN
with its cluster color and number. The color mapping allows easy determination of the origins/destinations of nodes when the alignment score is
changed. For example, in SSN185, the clusters in SSN185 that share dehydratase functions but are segregated in SSN240 can be determined; also, in
SSN320, the clusters that result from phylogenetic separation can be determined, e.g., from the red PFL cluster in SSN240.
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imental evidence at protein level”) and con� rm/extend these
by literature searches. SSNs also allow identi� cation of

uncharacterized sequence-function space that can be targeted
for functional assignment.

Figure 5.The colored SSN and GNNs generated by EFI-GNT. Panel A, the colored SSN240 generated by EFI-GNT, with unique colors and
numbers assigned to the clusters. This SSN also includes node attributes for“Neighbor Pfam Families” and“Neighbor InterPro Families” that can
be searched with the Select Panel of Cytoscape to locate sequences that have neighbors (within the±N orf window speci� ed by the user) in the
speci� ed Pfam or InterPro families. This function allows the user to easily identify sequences that are functionally linked, i.e., in metabolic pathways.
Panel B, nodes are highlighted in yellow that have PF04055 (radical SAM superfamily) as genome neighbors; these likely are the“activases” that
install the glycyl radical that initiates the reaction. Panel C, nodes are highlighted in yellow that have PF00936, bacterial microcompartment
proteins, as genome neighbors; the presence of this Pfam family suggests a pathway that involves a reactive substrate/product that is secluded from
the cytoplasm because of its chemical reactivity. Panel D, nodes are highlighted in yellow that have PF00923, transaldolase/fructose 5-phosphate
aldolase, as genome neighbors; the presence of this Pfam suggests a pathway involving catabolism of an alditol (or its 6-phosphate) to generate 1-
deoxy-D-fructose (or its 6-phosphate). Panel E, examples of the GNN with Pfam family hub nodes with SSN cluster-spoke nodes, with the SSN
cluster-spoke nodes colored/numbered (PF04055, radical SAM superfamily) and PF00923 (transaldolase/fructose 6-phosphate aldolase family).
Panel F, examples of the GNN with SSN cluster-hub nodes with Pfam family spoke nodes, with the SSN cluster-hub nodes colored/numbered
(cluster 7, choline trimethylamine lyase).
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EFI-GNT.SSN240 (with isofunctional clusters) was used as
the input for genome neighborhood analysis (“GNT
Submission” tab) on the EFI-GNT home page (Supplementary
Figure S7A). A genome neighborhood of±10 orfs and a
minimum 10% co-occurrence frequency of queries in SSN
clusters with neighbor Pfam families were speci� ed to generate
the GNNs.

The “Results” page (Supplementary Figure S7B) provides
access to (1) a colored SSN with node attributes for“Neighbor
Pfam Families” and“Neighbor InterPro Families” and unique
cluster colors and numbers (Figure 5A), (2) two GNNs with
statistical analyses of genome context that are used to predict
metabolic pathways (SSN cluster-hub nodes with spoke nodes

for the neighbor Pfam families, with the SSN cluster-hub nodes
colored/numbered;Figure 5E) and whether multiple SSN
clusters have the same functions (Pfam family hub nodes with
spoke nodes for the SSN clusters that identi� ed these as
neighbors, with the SSN cluster-spoke nodes colored/
numbered;Figure 5F), and (3) an interactive GND viewer
depicting genome neighborhoods for each bacterial, archaeal,
and fungal protein in the SSN clusters (Figure 6).

By searching the“Neighbor Pfam Families” node attribute in
the colored SSN with the Cytoscape Select panel (Figure 5A),
a member of the radical SAM superfamily (PF04055) is
identi� ed for 3510 of the 3982 metanodes in SSN clusters
(yellow nodes inFigure 5B); equivalently, the Pfam-hub node

Figure 6.GND Explorer. The GND Explorer provides visualization and analysis of individual genome neighborhood diagrams; the GNDs in the
� gure encode the GREs in cluster 3 (PF02901; incorrectly annotated as PFL;vide infra), the radical SAM activase (PF04055), and the aldolase
(PF00923).
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GNN cluster for PF04055 shows the presence of SSN cluster-
spoke nodes for virtually all SSN clusters (left cluster inFigure
5E). The GRE is activated (glycyl radical generated) by a
radical SAM“activase”. The absence of a genome proximal
activase for some clusters can be explained by the following:
(1) a distal genome location for the gene encoding the
activase, (2) the gene encoding the GRE is at the end of a
sequencing contig, so genome context is available in only one
direction, or (3) coding sequence entries in the ENA database
do not always include genome context; i.e., only the sequence
of the protein-encoding gene is deposited.

As another retrospective example of the information in the
GNNs and the colored SSN, the SSN-hub node GNN cluster
for choline trimethylamine lyase [Cluster 7 (pink) in SNN240;
522 UniProt IDs; left panel inFigure 5F)] identi� es the
alcohol dehydrogenase (PF00465), aldehyde dehydrogenase
(PF00171), bacterial microcompartment proteins (BMC;
PF00936), and other proteins related to those in ethanolamine
catabolism (Eut) used by Craciun and Balskus34 to
hypothesize that the members of this GRE cluster catalyze a
reaction that involves the formation of ethanol or acetyl-CoA
via the acetaldehyde product of the lyase reaction, i.e., the
production of acetaldehyde and trimethylamine by the
uncharacterized lyase. When the“Neighbor Pfam Families”
node attribute is queried for PF00936, members of Cluster 6
(aqua) that include the glycerol and 1,2-propanediol
dehydratase functions also are identi� ed (yellow nodes in
Figure 5C), consistent with the generation of a reactive
aldehyde (propionaldehyde).

As an example of prospective functional inference, members
of PF00923 (transaldolase/fructose 6-phosphate aldolase) are
genome proximal (yellow nodes inFigure 5D) to sequences in
metanodes in several GRE clusters [right cluster inFigure 5F;
predominantly Clusters 2 (blue; 1975 UniProt IDs, mis-
annotated as PFL;vide infra), 3 (orange; 793 UniProt IDs, also
misannotated as PFL;vide infra), and 8 (hot pink; 207

UniProt IDs)]. PF00923 includes 1-deoxy-D-fructose 6-
phosphate aldolases,42 suggesting these clusters function in
hexitol catabolism, e.g., the GRE catalyzing dehydration ofD-
glucitol or D-mannitol (or the 6-phosphates) to 1-deoxy-D-
fructose (or its 6-phosphate). The SSN-hub node GNN cluster
for SSN cluster 8 (right panel inSupplementary Figure S7D)
identi� es genome neighborhoods encoding the aldolase, GRE,
and radical SAM activase (in several multidomain architec-
tures), supporting this prediction.

The genome neighborhoods of the individual sequences in
the SSN clusters can be visualized using the GND Explorer
that provides GNDs for any cluster in the SSN. For example,
colocalization of PF00923 with the GREs and radical SAM
activases in cluster 3 (annotated incorrectly as PFLs by
SwissProt;vide supra) is shown inFigure 6.

The GNNs and GNDs for GREs are consistent with the
assigned functions and, more importantly, facilitate the
formulation of hypotheses about the functions of uncharac-
terized clusters.

EFI-CGFP.The colored isofunctional SSN240 from EFI-
GNT was used as the input for EFI-CGFP [“Run CGFP/
ShortBRED” tab on the EFI-CGFP home page (Supplemen-
tary Figure S8A); a colored SSN is required to provide
numbered SSN clusters and singletons to which metagenome
abundance is assigned in heat maps and boxplots]. This tab
also allows minimum and maximum length restrictions to be
speci� ed; a value for minimum length is recommended to
ensure that the ShortBRED family consensus sequences used
to identify unique markers for each family will not be biased by
fragments. Therefore, a minimum length of 650 residues was
entered, although it also was used to generate the SSNs. The
default UniRef90 reference database to reduce marker false
positives, the default 85% CD-HIT sequence identity for
generating ShortBRED families, and the default DIAMOND43

search algorithm for marker identi� cation were used.

Figure 7.The heatmap for clusters 1� 25 for the CGFP analysis of IPR004184 using a library of 380 metagenomes from six body sites from healthy
individuals. The clusters are displayed on they-axis, the body sites on thex-axis. The key on the right de� nes the color key for the“gene copies per
microbial genome”. The SwissProt- and literature-curated functions in the characterized SSN clusters are indicated. Clusters 2 and 3 are incorrectly
annotated as“PFL” by SwissProt (“inferred from homology”) and are likely uncharacterized dehydratases. Additional clusters that are abundant in
the human gut microbiome are candidates for functional characterization.
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After the markers were identi� ed, their abundance in
metagenomes was quanti� ed (Supplementary Figure S8B).
The “Select Metagenomes for Marker Quanti� cation” tab on
the “Markers Computation Results” page was used to select
metagenomes. All 380 metagenomes (healthy males/females
from six body sites) from the Human Microbiome Project
(HMP) were selected; the default USEARCH44 search
algorithm was used. At present, only these HMP metagenome
data sets are available; we anticipate the addition of other
metagenome data sets, e.g., from iHMP2 (https://hmpdacc.
org/ihmp/) or other metagenome data sets requested by users.

When quanti� cation of cluster-speci� c markers in the
selected metagenomes was complete, text� les with raw and
average genome size-normalized abundance data were available
on the“Quantify Results” tab on the“Quantify Results” page
(Supplementary Figure S8C). Heatmaps (for SSN clusters,
singletons, and combined clusters/singletons) were available
on the“Heatmaps and Boxplots” tab. The heatmaps are sorted
by body type on thex-axis; the SSN clusters/singletons with
metagenome“hits” are presented on they-axis (cluster
numbers from the input SSN). By hovering the cursor over
the heatmap, the clusters/singletons and their metagenomes
“hits” can be identi� ed. Boxplots providing a statistical
summary of abundance distribution for each cluster/singleton
are available via the“View boxplots showing per-site
abundance” button in the upper right corner of the tab.

Characterized functions in the GRE superfamily were
mapped to the clusters heatmap (Figure 7). The PFL, 4-
hydroxyproline dehydratase,p-hydroxyphenylacetate decarbox-
ylase, glycerol dehydratase/propane-1,2-diol dehydratase,
isethionate sul� te lyase, and choline trimethylamine lyase
functions are found in various body sites; the benzylsuccinate
lyase, alkylsuccinate lyase, indoleacetate decarboxylase, and
phenylacetate decarboxylase functions are not found, at least
within the abundance limits determined by the depths of the
metagenome sequencing.

The uncharacterized clusters within the GRE family for
which markers are identi� ed in stool metagenomes are priority
candidates for the functional assignment because they may
involve previously uncharacterized metabolism and metabo-
lites.

� DISCUSSION
The EFI’s resource of three genomic enzymology web tools
provides an integrated platform for (1) visualizing/analyzing
sequence-function space in protein families using SSNs (EFI-
EST), (2) visualizing/analyzing genome context for bacterial,
archaeal, and fungal proteins to allow identi� cation of
functionally linked proteins/enzymes in metabolic pathway
as well as determining the sequence boundaries between
functions as sequence diverges between homologues (EFI-
GNT), and (3) mapping metagenome abundance to the
clusters in SSNs to allow high-resolution mapping of
metagenome enzymatic functions and metabolic capabilities
(EFI-CGFP). To the best of our knowledge, the tools are
unique resources that allow experimentalists to leverage the
large and growing protein, genome, and metagenome data-
bases using their desktop/laptop computers.

As we noted previously, evolutionary biologists and many
bioinformaticians use phylogenetic trees/dendrograms for
analyses of evolutionary relationships among the members of
protein families. We recognize that the SSNs generated and
used by our tools are not a substitute for trees/dendrograms;

they provide a useful complement15 that enables various types
of functional information (node attributes) to be easily
accessible. Also, as demonstrated by the GRE superfamily,
SSNs provide an“easy” vehicle to transition from sequence-
function space in protein families (EFI-EST) to both genome
context (EFI-GNT) and metagenome abundance (EFI-
CGFP). They also complement trees/dendrograms by
allowing the user to include the entire membership of even
large protein families in the large-scale pairwise sequence
comparisons required for analyses of sequence-function space,
the MSAs required to generate trees are not“easy” with large
numbers of sequences, and the dendrograms/trees for large
numbers of sequences are not easy to generate or analyze.

The output of each tool is easy to interpret, SSNs generated
by EFI-EST and EFI-GNT allow easy visualization of
sequence-function relationship in protein families, interactive
GNDs generated by EFI-GNT provide easy access to genome
context analysis, and the heatmaps and boxplots provided by
EFI-CGFP allow metagenome abundances in di� erent
locations (currently di� erent human body site but easily
expandable to metagenomes from other environmental niches)
to be easily mapped and quantitated. The tools have been
instrumental in numerous discoveries of novel enzymes, as
judged by the number of publications citing the use of the
tools (>240 citations, 84 in the past year).

The focus of this manuscript is the integrated use of EFI-
EST, EFI-GNT, and EFI-CGFP to illuminate genomic dark
matter to facilitate the discovery of novel enzymatic functions
and metabolic pathways. However, we note that SSNs
generated by EFI-EST provide overviews of the functional
diversity (substrate and/or reaction promiscuity) in enzyme
families (using Option B of EFI-EST) that can be sampled by
in vitro screening and/or used as the starting points for
directed evolution for the discovery of novel catalysts.30 This
protein family guided approach for characterizing diversity is
expected to be more e� cient than either random sampling
and/or focused sampling exploring localized sequence-function
space (using Option A of EFI-EST).

With this description of the enhancements to EFI-EST as
well as the� rst descriptions of EFI-GNT and EFI-CGFP, we
encourage the community to take advantage of the free access
to the resource. We also welcome inquiries about the use of the
resource for classroom instruction.
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