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The average amino acid identity (AAI) is an index of pairwise
genomic relatedness, and multiple studies have proposed its
application in prokaryotic taxonomy and related disciplines.
AAI demonstrates better resolution in elucidating taxonomic
structure beyond the species rank when compared with aver-
age nucleotide identity (ANI), which is a standard criterion
in species delineation. However, an efficient and easy-to-use
computational tool for AAI calculation in large-scale taxo-
nomic studies is not yet available. Here, we introduce a bio-
informatic pipeline, named EzAAI, which allows for rapid
and accurate AAI calculation in prokaryote sequences. The
EzAAI tool is based on the MMSeqs2 program and computes
AALI values almost identical to those generated by the stan-
dard BLAST algorithm with significant improvements in the
speed of these evaluations. Our pipeline also provides a func-
tion for hierarchical clustering to create dendrograms, which
is an essential part of any taxonomic study. EzA Al is avail-
able for download as a standalone JAVA program at http://
leb.snu.ac.kr/ezaai.

Keywords: average amino acid identity, comparative geno-
mics, phylogeny, software suite

Introduction

Genomics has provided a reliable and objective approach
for the classification and identification of bacteria and arch-
aea during prokaryotic taxonomy type evaluations (Chun
et al., 2018). Advances in next-generation sequencing (NGS)
technology have facilitated the exponential growth of the
overall amount of prokaryotic genome sequence data in pu-
blic databases often overcoming the time-consuming, expen-
sive, and labor-intensive process of conventional Sanger se-
quencing. This massive quantity of data has made it possi-
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ble to use genome sequences and direct comparisons in mi-
crobial taxonomy, even in general laboratories (Chun and
Rainey, 2014).

Given this it is unsurprising that we have developed sev-
eral indices for evaluating the overall genome relatedness of
sequences, often referred to as the overall genome relatedness
indices (OGRIs). These indices allow researchers to evaluate
the similarity between two genome sequences without the
need to employ DNA-DNA hybridization (DDH), which has
been regarded as the gold standard for prokaryote species de-
lineation and which indirectly measures genome similarity
(Wayne et al., 1987). Although there are several OGRIs 16S
rRNA gene sequence similarity and average nucleotide iden-
tity (ANI) are the ones most commonly applied to identify
novel species (Chun et al., 2018). This is likely the result of
their high correlation with DDH (Konstantinidis and Tiedje,
2005a; Goris et al., 2007) and the availability of several im-
proved algorithms for their evaluation (Richter and Rossell6-
Mora, 2009; Lee et al., 2016; Richter et al., 2016; Yoon et al.,
2017b).

Despite the robustness of species level delineation using
AN, it has been reported that ANI shows poor resolution
at higher taxonomic levels (Qin et al., 2014). On the other
hand, the average amino acid identity (AAI) has been shown
to be a useful measurement for genus delineation (Konstan-
tinidis and Tiedje, 2005b). Several studies have developed
boundaries that delimit genera, such as Chryseobacterium
(Nicholson et al., 2020), Prochlorococcus (Walter et al., 2017),
and Lactobacillus (Zheng et al., 2020) based on the discon-
tinuous distribution of their AAI values. To expand this stra-
tegy to other genera it is necessary to develop an easy-to-use,
high-performance software tool designed to calculate AAI
values for large-scale studies.

For the AAI calculation, BLAST program (Altschul et al.,
1997) or other packages based on BLAST algorithm, such as
the enveomics collection (Rodriguez-R and Konstantinidis,
2016), were used to identify homologous sequences and com-
pute the identity. However, it is not appropriate to perform
the BLAST algorithm to calculate AAI values for a large da-
taset because of the computational speed limitation. There-
fore, to expand this AAI-based delineation strategy to the di-
verse suprageneric taxa, it is necessary to develop an easy-to-
use, high-performance software tool for large-scale studies.

Here, we introduce EzAAI, a suite of workflows for im-
proved AAI calculation when compared to the standard
BLAST based algorithm (Altschul et al., 1997), which includes
a hierarchical clustering analysis tool. MMseqs2 (Steinegger
and Soding, 2017) was used for the fast calculation while
achieving a sensitive protein sequence search. We went on
to evaluate the accuracy and throughput of the EzA AI work-



flow by comparing its performance when investigating a
set of quality-controlled bacterial genome pairs. Our results
suggest the potential utility of our novel suite as a toolkit
for large-scale studies of prokaryotic taxonomy using AAIL

Materials and Methods

Pipeline implementation

We developed a novel pipeline named EzAAI, which sig-
nificantly enhances the throughput of the AAI calculation
process while maintaining the accuracy associated with the
BLAST procedure (Altschul et al., 1997). The EzAAI pipeline
can be separated into three modules: extraction, calculation,
and clustering (Fig. 1). In the extraction module, EzAAI pre-
dicts and extracts coding sequences from a prokaryotic ge-
nome using the Prodigal program (Hyatt et al., 2010). These
gene sequences are then converted into the database format
used in the MMSeqs2 program (Steinegger and Soding, 2017).
The calculation module speeds up the evaluation process by
using MMSeqs2 to create a reciprocal hit profile. MMSeqs2
compares the predicted amino acid sequences extracted from
a pair of prokaryotic genomes and searches for a sequence
pair with given amino acid identity and length coverage from
both directions. Default values for these parameters are given
as 40% identity and 50% coverage, which have been utilized
by the previous study (Nicholson et al., 2020); However, since
AAI values are dependent on these parameters, we have pro-
vided the options (-id, -cov) for a flexible calibration. EzAAI
then stores these valid pairs in Seqalign (Text ASN.1) format
and automatically obtains the AAI value from a pair by cal-
culating the mean identities in each pair of amino acid se-
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Fig. 1. EzZAAI Workflow. Each of the file formats is written in the top right
of the box, indicating the file processing steps. The external programs are
displayed in yellow. The names of the corresponding module of each step
were indicated in the green boxes on the right.
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quences, which we refer to as AAIm (AAI calculated using
MMSeqs2). Based on this process, EZAAI produces a matrix
of AAIm values from a given set of prokaryotic taxa in a tab-
separated text format and optional Matrix Market format
(-mtx). Finally, EzZA AT uses its integral hierarchical cluster-
ing module, which implements the unweighted pair group
method with arithmetic mean (UPGMA) method, to produce
a matrix with pairwise AAI values. In this way our pipeline
simplifies the AAI process and supports the large-scale cal-
culation of AAI matrices and UPGMA dendrograms, which
are then provided as a Newick format file.

Benchmarks

To benchmark EzAAI, we compared the accuracy and through-
put of its core computational algorithm, MMSeqs2, against
the standard AAI computation algorithm, BLASTp+ (AAIb,
AALI calculated with BLASTp+) (Altschul et al., 1997). Pairs
of quality-controlled whole-genome sequences were selected
from the EzBioCloud database (http://www.ezbiocloud.net)
(Yoon et al., 2017a), including 1,347,262 pairs from 1,642 type
strain bacterial genomes under Actinobacteria phylum and
63,190 pairs from 356 archaeal type strain genomes. For both
algorithms, AAI values and wall-clock time consumption
were then evaluated for the entirety of the pairs. We measured
the computational benchmark under same thresholds of 40%
identity and 50% coverage, and identical conditions using a
single core from computers with an Intel Core i7-4790 3.60
GHz processor. The average nucleotide identity (ANI) val-
ues on a set of 8,385 bacterial pairs from 130 genomes under
family Microbacteriaceae were also calculated using Ortho-
ANTu (Yoon et al., 2017b) for additional comparison.

Measuring taxonomic utility

We devised an index, named Proteome coverage, which rep-
resents the degree of overlap between the proteomes of two
strains. Proteome coverage from a given pair of genomes is
defined as the proportion of reciprocally matched pairs of
proteins, which are used to obtain AAI by calculating the
mean of their identity values (i.e., pairs exceeding 40% iden-
tity and 50% query coverage), on the entire proteome origin-
ating from this pair of genome assemblies. This can be more
accurately described by saying that the proteome coverage
of a given pair consisting of the proteome X, and Y, ex-
tracted from the genomes X and Y, respectively, can be cal-
culated using the following formula:

Size((X,— Y, N (Y, X,)) x2
Size(X,) + Size(Y,)

Where X,—Y, describes the set of matched proteins from
the query proteome X, onto the reference proteome Y}, and
vice versa.

The EzAALI pipeline contains a clustering module that pro-
duces a UPGMA dendrogram based on a matrix consisting
of all-against-all AAIm values from each set of taxa. To con-
firm the taxonomic utility of this module, we created dendro-
grams that show the taxonomic relationships for small sets
of taxa belonging to multiple genera in both the Bacteria and
Archaea. The dataset containing the type strains of the 29 spe-
cies under six genera of bacterial family Microbacteriaceae

Coverage(X,,Y,) =
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Fig. 2. Correlation between AAIm values and other measures of genomic relatedness. (A) AAI using MMSeqs2 (AAIm) and AAI using BLAST (AAIb) values
were obtained using 1,347,262 pairs of bacterial type strain genomes. (B) Comparison of AAIm and AAIb values for 63,190 pairs of archaeal type strain
genomes. (C) AAIm and OrthoANTIu values for 8,385 bacterial pairs from the Microbacteriaceae. Each dataset was visualized as a scatter plot and evaluated

using linear regression and Pearson’s correlation (r).

and 30 species under archaeal domain, respectively, were
randomly selected for the analysis.

Programming language and statistics

The EzAAI pipeline and the benchmarking algorithms were
written using JAVA programming language (https://www.
java.com/) and executed on a Linux operating system. Stati-
stical analyses and visualization were performed using Py-
thon scripts (https://www.python.org/), based on the SciPy
(Virtanen et al., 2020) package and matplotlib (Hunter, 2007)
package.

Results and Discussion

First, we compared the correlation between AAIm and AAIb
values (Fig. 2A and B). The results show that both algorithms
produced similar AAI values with a significant degree of cor-
relation (R* > 0.999, r > 0.999) across the entire range of AAI
values in both the bacterial and archaeal datasets. These re-
sults suggest that the AAIm values from EzAAI have both
statistical and taxonomical confidence and can be used to
substitute the values calculated using BLASTp+. When we
compared the EzA Al values with the ANI (OrthoANTIu) val-
ues, AAIm tended to report lower identity for genome pairs
where the ANI value was below 80% (Fig. 2C). Nevertheless,
AAIm and OrthoANIu showed a positive correlation (r =
0.7922), which supports the use of AAIm as an OGRI.

We then estimated the elapsed wall-clock time for the AAI
calculation processes using MMSeqs2 and BLASTp+ under
identical circumstances (Fig. 3). Statistics were derived by
considering the wall-clock time consumed for the AAI cal-
culation between a single pair as a data point. Processes un-
related to AAI calculation (e.g., CDS extraction, data format-
ting, and visualization) were excluded to allow for an in-
dependent comparison. As a result, the mean run-time of the
AAT calculations completed using MMSeqs2 (63.1 sec for
bacteria; 26.6 sec for archaea) was 3.7-6.9 x faster than that
of the standard BLASTp+ (434 sec for bacteria; 98.6 sec for

archaea) calculations. The throughput can be improved up
to 16X against BLASTp+ when using 30 CPU cores for each
calculation (Supplementary data Fig. S1).

We then used the same set of pairs initially applied to bench-
mark our pipeline to determine the proteome coverage in
each dataset using the formula described above. As a result,
AALI values and proteome coverages showed a significant
correlation (r = 0.87 for bacteria; r = 0.97 for archaea), while
the median coverage was 23.4% and 11.3% for bacteria and
archaea, respectively (Fig. 4). Although taxonomically dis-
tant pairs showed relatively low proteome coverages, princi-
pal coordinate analysis using AAI successfully discriminated
the taxa belonging to the various phyla, which is not the case
of ANIT (Supplementary data Fig. S2).
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Fig. 3. Performance of BLASTp+ (AAIb) and MMSeqs2 (AAIm) for both
bacterial and archaeal AAI calculation tasks. Wall-clock time elapsed to
calculate AAI between each pair of bacterial and archaeal genomes were
displayed as a box-and-whisker plot. Boxes indicate 1st quartile, median,
and 3rd quartile of each dataset, while whiskers denote 1.5 IQR and data
points indicate the outliers exceeding 1.5 IQR. Note that the amount of
time elapsed is expressed on a log-scale.
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Fig. 4. Proteome coverage of AAIm values from the previously analyzed pairs. (A) Scatter plot of coverage and histogram from the 1,347,262 bacterial pairs
described in Fig. 2A. (B) Data from the 63,190 archaeal pairs described in Fig. 2B. Proteome coverage of each pair was plotted along with its AAI value.
Histograms binned with the coverage values were drawn on the right to visualize the density of the plot. Linear regression line and statistics along with

Pearson’s correlation (r) has been displayed on the bottom-right.

The utility of the EzAAI pipeline was demonstrated using
a dataset containing 29 bacterial taxa belonging to six genera
from the Microbacteriaceae, an actinobacterial taxon that is
well established by chemotaxonomy and molecular system-
atics (Fig. 5A). Similarly, archaeal genomes were successfully
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analyzed using EzAAI, and the current classification was re-
covered in the hierarchical clustering (Fig. 5B). We addition-
ally generated the UPGMA dendrograms driven from a more
significant number of genome pairs, which also corresponded
to the current taxonomy (Supplementary data Fig. S3).
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Fig. 5. UPGMA dendrograms from the collection of prokaryotic species, constructed using AAIm values and the EzAAI clustering module. (A) Dendrogram
constructed using 29 bacterial species in 6 genera in the family Microbacteriaceae. (B) Dendrogram constructed using 30 archaeal species in 6 genera. The
scale of the AAI values is shown under each dendrogram. Nodes representing a monophyletic genus are marked with a circular dot.
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In conclusion, we present a novel software pipeline (EzAAT)
that allows for faster and organized calculation of the AAI
values in large-scale taxonomic studies. The easy-to-use in-
terface and its hierarchical clustering functionality should
facilitate the use of AAT algorithms in the taxonomy of both
Bacteria and Archaea, as well as other microbiological dis-
ciplines. A standalone JAVA pipeline for EzZAAI is available
for download at http://leb.snu.ac.kr/ezaai.
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