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ABSTRACT

Recent technological advances have opened un-

precedented opportunities for large-scale sequenc-

ing and analysis of populations of pathogenic

species in disease outbreaks, as well as for large-

scale diversity studies aimed at expanding our

knowledge across the whole domain of prokary-

otes. To meet the challenge of timely interpretation

of structure, function and meaning of this vast ge-

netic information, a comprehensive approach to au-

tomatic genome annotation is critically needed. In

collaboration with Georgia Tech, NCBI has devel-

oped a new approach to genome annotation that

combines alignment based methods with methods

of predicting protein-coding and RNA genes and

other functional elements directly from sequence. A

new gene finding tool, GeneMarkS+, uses the com-

bined evidence of protein and RNA placement by

homology as an initial map of annotation to gen-

erate and modify ab initio gene predictions across

the whole genome. Thus, the new NCBI’s Prokary-

otic Genome Annotation Pipeline (PGAP) relies more

on sequence similarity when confident compara-

tive data are available, while it relies more on sta-

tistical predictions in the absence of external evi-

dence. The pipeline provides a framework for gener-

ation and analysis of annotation on the full breadth

of prokaryotic taxonomy. For additional information

on PGAP see https://www.ncbi.nlm.nih.gov/genome/

annotation prok/ and the NCBI Handbook, https://

www.ncbi.nlm.nih.gov/books/NBK174280/.

INTRODUCTION

The �rst version of the NCBI Prokaryotic Genome Au-
tomatic Annotation Pipeline (PGAAP) combining HMM-
based gene prediction algorithms with protein sequence
similarity search methods was developed in 2001-2002. The
initial pipeline used a combination of automatic protein-
coding gene model prediction via two prediction methods,
GeneMarkS (1) and Glimmer (2). These predictions were
then augmented using information on evolutionarily con-
served proteins from Clusters of Orthologous Groups or
COGs (3) and NCBI Prokaryotic Clusters (4). Proteins
from these clusters were mapped to the genome in order to
search for genes missed by the ab initio predictors. Genes of
ribosomal RNAs were predicted either by the BLASTn se-
quence similarity search using the entries from the RNA se-
quence database as queries or by running specialized tools,
such as Infernal (5,6) and Rfam (7). Genes of transfer
RNAs were predicted using tRNAscan-SE (8). The Stan-
dard Operating Procedure (SOP) for the �rst version of the
NCBI genome annotation pipeline was published in 2008
(9). Here, we describe a new design of the NCBI Prokary-
otic Annotation Pipeline (PGAP).
With the new version of PGAP, we introduced several

new features. First and most importantly, the pipeline now
uses a pan-genome approach to protein annotation with
pan-genome proteins de�ned for a speci�c clade (see be-
low). We have built a collection of clusters of homologous
proteins; the proteins are used to generate a map of pro-
tein footprints in the genomic sequence submitted for an-
notation. We assume that most of the proteins conserved
in a given clade––the core proteins––should be encoded
in a genome of a new species in the clade. We have ob-
served that in highly populated clades the core genes com-
prise up to 75% of the total number of annotated genes in a
single genome (Table 1). Second, the pipeline incorporates
additional specialized search tools to identify novel non-
protein-coding functional elements, including CRISPR re-
gions. Third, to identify protein-coding genes the pipeline
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uses a two-pass approach designed to detect frameshifted
genes and pseudogenes. Fourth, we have replaced the orig-
inal ab initio predictors with a new software tool, Gene-
MarkS+, that integrates extrinsic information (alignment
based protein predictions, predicted RNA genes, etc.) with
intrinsic information on genome-speci�c sequence patterns
of protein-coding regions. Finally, for better process con-
trol, PGAP has migrated into a new specialized application
framework now widely used inside NCBI that provides en-
hanced computational performance, reliability and a com-
prehensive tracking system.
The major difference with other published pipelines (10–

13), including the previous version of the NCBI pipeline
(9), is that we calculate a set of alignment-based hints for
protein-coding and non-protein-coding regions prior to ex-
ecuting ab initio prediction. The hints are incorporated
by GeneMarkS+ into gene prediction (as described be-
low). Other pipelines (10–13) attempt to run ab initio al-
gorithms �rst to reduce computational load on alignment-
based searching. As a consequence, such pipelines face an
issue of reconciling the ab initio and alignment based predic-
tions. Because GeneMarkS+ can reconcile these hints with
ab initio predictions internally, PGAP can make more ef-
fective use of its computational resources to provide high-
quality protein alignments �rst and guarantee that these
alignments will not be compromised by con�icting ab ini-
tio predictions in subsequent processing.

MATERIALS AND METHODS

PGAP general structure and input

The PGAP pipeline is designed to annotate both com-
plete genomes and draft genomes comprising multiple con-
tigs. PGAP is deeply integrated into NCBI infrastructure
and processes, and uses a modular software framework,
GPipe, developed at NCBI for execution of all annota-
tion tasks, from fetching of raw and curated data from
public repositories (the Sequence and Assembly databases)
through sequence alignment and model-based gene predic-
tion, to submission of annotated genomic data to public
NCBI databases.
On input, PGAP accepts an assembly (either draft or

complete) with a prede�ned NCBI Taxonomy ID that de-
�nes the genetic code of the organism. PGAP also accepts
a predetermined clade identi�er, matching the genome in
question to a species-speci�c clade. Clade IDs are computed
using a series of 23 universal ribosomal proteinmarkers and
are independent of taxonomy. In the absence of a clade ID,
we can infer the ID from taxonomy in the majority of cases.
The clade ID determines the realm of core proteins used as
the target protein set. PGAP annotation of a new genomic
sequence can be requested at the time of submission toGen-
Bank. Taxonomic and clade identi�ers are determined out-
side of the annotation pipeline, and are in�uenced by Gen-
Bank curatorial decisions. The clade-dependent sets of pro-
tein clusters as well as sets of curated structural ribosomal
RNAs (5S, 16S and 23S) are generated and maintained out-
side of PGAP.More details on the PGAPwork�ow are pro-
vided below.

Figure 1. Cumulative number of protein clusters (Y) is de�ned for a given
X (%) as the number of clusters containing proteins from fraction x ≥ X
of all members of the clade. Data are presented for the four well studied
clades.

Pan-genome approach

The genome sequencing revolution has radically altered
the �eld of microbiology. Whole-genome sequencing for
prokaryotes became a standard method of study ever
since the �rst complete genome of free-living organism,
Haemophilus in�uenza, was sequenced in 1995 (14). Due
to the widespread use of the next generation sequencing
(NGS) techniques, thousands of genomes of prokaryotic
species are now available, including genomes ofmultiple iso-
lates of the same species, typically human pathogens. Thus,
the mere density of comparative genomic information for
high interest organisms provides an opportunity to intro-
duce a pan-genome based approach to prediction of the
protein complement of a species.
The collection of prokaryotic genomes available at NCBI

is growing exponentially and shows no signs of abating: as
of January 2016 NCBI’s assembly resource contains 57 890
genome assemblies representing 8047 species (see genome
browser https://www.ncbi.nlm.nih.gov/genome/browse/, for
the up-to-date information). Notably, genomes of different
strains of the same species can vary considerably in size,
gene content and nucleotide composition. In 2005, Tettelin
et al. (15) introduced the concept of pan-genome, aiming to
provide a compact description of the full complement of
genes of all the strains of a species. Genes common to all
pan-genome members (or to the vast majority of them) are
called core genes; those present in just a few clade members
are termed accessory or dispensable genes; genes speci�c to
a particular genome (strain) are termed unique genes (16).

In PGAPwe de�ne the pan-genome of a clade at a species
or higher level (17). To be included as a core gene for a
species-level pan-genome, we require the gene to be present
in the vast majority––at least 80%––of all genomes in the
clade. A set of core genes gives rise to a set of core proteins.
We show in Figure 1 how the number of protein clusters,
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Table 1. Statistics of genomes, genes and core protein clusters in the 10 largest clades

Clade name # Genomes # CDS Total Median #CDS/Genome # Core protein clusters

Escherichia - Shigella 1502 7 594 943 4990 3220
Salmonella 527 2 334 839 4511 3393
Staphylococcus aureus 445 1 195 744 2672 2066
Streptococcus 334 714 947 2150 1223
Brucella 283 886 682 3120 1704
Helicobacter pylori 268 433 955 1631 1200
Streptococcus agalactiae 254 523 389 2038 1595
Acinetobacter 212 796 523 3785 2755
Neisseria 194 402 822 1997 1540
Leptospira interrogans 186 778 660 4062 3024

for each of four well studied large clades, depends on the
fraction of the clade members that contribute proteins to
the cluster. There are three critical regions in this analysis:
(i) unique genes, present in less than 1% of all clade mem-
bers; (ii) dispensable genes, present in 1–20% of genomes;
and (iii) core genes, found in at least 80% of the represented
genomes. Based on our analysis, there are very few clusters
appearing in at least 20% of the members of a clade but no
more than 80% of the members. The use of a cutoff of 80%
was chosen to capture a wide set of genes conserved within
the whole clade while eliminating genes having less abun-
dant representation. We further subject the core proteins to
clustering using USearch to reduce the total number of pro-
teins required to represent the full protein complement of
the pan-genome (18). We use the representative core pro-
teins to infer genes for homologous core proteins in a newly
sequenced genome (19).
The notion of the pan-genome can be generalized be-

yond a species level and applies, in fact, to any taxonomy
level (from genus to phylum to kingdom). Notably, in the
pan-genomes of Archaea and Bacteria, the universally con-
served ribosomal genes make a group of core genes. The
main practical value of the pan-genome approach is in for-
mulating an ef�cient framework for comparative analysis
of large groups of closely related organisms separated by
small evolutionary distances as de�ned by ribosomal pro-
tein markers (20,21).

Prediction of RNA genes (structural RNA, tRNA, small
ncRNA)

Structural rRNAs (5S, 16S and 23S) are highly conserved in
closely related prokaryotic species. The NCBI RefSeq Tar-
geted Loci collection (22) contains curated sets of the three
types of rRNA gene sequences, which serve as reference sets
for PGAP (https://ncbi.nlm.nih.gov/RefSeq/targetedloci/).
To identify genes for 16S and 23S rRNAs PGAP uses mem-
bers of the reference sets as queries in BLASTn (23). Hits
that correspond to partial alignments are dropped if they
fall below a certain coverage and identity thresholds with
respect to the average length of the corresponding rRNA
(50% coverage and 70% identity for 16S rRNA; 50% cover-
age and 60% identity for 23S rRNA). Borders of predicted
rRNA genes are de�ned by a voting mechanism similar to
the one mentioned below for identifying gene starts among
several alternative start codons.
For prediction of 5S rRNAs and small ncRNAs, PGAP

uses cmsearch (ver. 1.1.1) along with covariance models,

score thresholds and recommended command line options
from the Rfam database (release 12.0 (7)). Current execu-
tion of this cmsearch version has been optimized to permit
direct use of the tool without a preliminary BLASTn search
(5–7).

For prediction of tRNA sequences, PGAP relies on
tRNAscan-SE. The input genomic sequence is split into
overlapping fragments long enough to cover a tRNA gene
with possible introns. These fragments are used as inputs
to tRNAscan-SE (8), currently one of the most widely used
tRNA gene identi�cation tools. Domain speci�c parame-
ters of tRNAscan-SE are selected automatically for each
genome (8).

All predicted RNA genes from the above steps are col-
lected and presented to GeneMarkS+ as a set of RNA
gene ‘footprints’ (Figure 2). GeneMarkS+ has several la-
bels (‘M’, ‘N’ and ‘R’) for RNA gene footprints; the labels
specify different types of possible overlaps between protein-
coding genes and RNA genes.

Repetitive regions (CRISPRs) and mobile genetic elements
(prophages)

Clustered regularly interspaced short palindromic repeats
(CRISPRs), along with associated proteins, comprise a
prokaryotic defense system. Interest in CRISPRs has re-
cently blossomed due to the opportunity to use the system
as programmable restriction enzymes. CRISPRs are com-
monly found in almost all archaeal genomes while they are
less frequent in bacterial genomes (24,25). For CRISPRs
prediction and annotation PGAP uses a combination of the
CRISPR recognition tool (CRT) (26) and PILER-CR (27).

Phage and plasmid genes are frequent subjects of hori-
zontal transfer and may be dif�cult to predict by gene �nd-
ing tools that are tuned to identify native genes or foreign
genes adapted to the genomic context in evolution to (1).
Some phage and plasmid genes can be identi�ed by align-
ment based methods. In PGAP, we utilize a curated set of
phage and plasmid proteins and map these proteins to a
genome in question using tBLASTn and ProSplign as de-
scribed in the section below. The reference set of phage pro-
teins was created earlier in a project on inference and cura-
tion of phage protein clusters (4). High-scoring phage and
plasmid protein alignments form another set of footprints
in the input to GeneMarkS+.
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Figure 2. A fragment of the PGAP execution graph: prediction of structural RNA genes (ncRNA, tRNA, 5S-, 16S-, 23S- rRNA).

Protein alignments and integration of multiple evidence types
into genome annotation with GeneMarkS+

GeneMarkS+, a self-training gene �nder, was designed to
detect protein-coding patterns in genomic sequence and to
infer gene locations compatible with externally supplied ev-
idence, the hints or footprints, indicating presence of vari-
ous functional elements in speci�c sequence intervals. Ex-
amples of hints include protein-coding intervals suggested
by protein-to-genome alignments; intervals covering RNA
genes identi�ed by specialized tools; or intervals recognized
as repetitive sequences, e.g. elements of CRISPR. The core
of the integration algorithm is the ab initio gene �nding tool
GeneMarkS (1), which implements the Viterbi algorithm
for a hidden semi-Markov model (HSMM) of prokaryotic
genomic sequence (28). External hints transformed into se-
quence labels restrict possible parses of a genome in ques-
tion into protein-coding and non-protein-coding regions.
Of note, these constraints reduce the set of possible parses
and, thus, help accelerate execution of the Viterbi algo-
rithm. Species speci�c parameters of GeneMarkS are de-
termined by iterative unsupervised training (1) on the whole
genomic sequence submitted for annotation (see Figure 3);
thus the training occurs without any hints de�ned restric-
tions.
In the �rst round (or pass) of annotation we align repre-

sentative proteins from the clade speci�c core clusters using
tBLASTn (22) to the genome. High scoring protein align-
ments are further re�ned by ProSplign, a frameshift-aware
protein to genome aligner. An added bene�t of ProSplign
is its ability to identify cases in which newly de�ned genes
for core proteins are frameshifted (https://ncbi.nlm.nih.
gov/sutils/static/prosplign/prosplign.html) . The core pro-
tein alignments are then transformed into footprints (inter-
val hints) for consumption by GeneMarkS+. In the pres-
ence of a frameshift, the pipeline generates a ‘corrected’ se-
quence of the genome, adding or subtracting bases to repair
the translation frame. This repaired sequence is consumed
by GeneMarkS+. During this �rst pass (top half of Figure
3) the core protein footprints are used as interval hints (with
the label ‘C’) that carry information on the frame of either
an intact mapped gene, a repaired pseudogene or a repaired
gene with sequencing error. Notably, the frameshifted re-

gions are ‘repaired’ not only in the �rst pass but in the sec-
ond pass as well, when the focus moves to identi�cation of
genes of non-core proteins. The �rst pass of the pipeline
concludes with execution of the �rst run of GeneMarkS+
making the initial prediction of the genome-wide comple-
ment of genes and proteins.
In the second pass (bottom half of Figure 3), proteins

predicted by GeneMarkS+ in locations that were not cov-
ered by the footprints of core proteins are considered as the
‘seeds’ or ‘prototypes’ of the non-core genes. These seeds are
searched via BLASTp against a broader database of RefSeq
proteins to identify a subset of seeds supported by evolu-
tionarily conserved non-core proteins. Each identi�ed seed
protein is aligned back to the genome using ProSplign. The
ProSplign non-core protein alignments are combined with
the core protein alignments from the �rst pass and the pre-
dictions of all protein-coding regions are transformed into
footprints (intervals with ‘C’ label) de�ned on the repaired
genomic sequence.
Importantly, the core genes predicted in the �rst round

as well as the �rst round ab initio predicted genes are eval-
uated in the second round with BLASTp searching against
a broader set of representative proteins from all prokary-
otic protein clusters. High-scoring BLASTp hits are then
mapped back to the genome, and proteins that map incom-
pletely or with disruptions are realigned to the genome us-
ing tBLASTn and ProSplign. The rationale of repeating this
analysis is that the larger set of all protein clusters provides
not only new but also more extensive evidence for predicted
gene models thus improving the accuracy. To give an ex-
ample (Figure 4) in place of overlapping CDS features pre-
dicted by ab initio in the �rst round (panel A), frameshifts
can be identi�ed when, in the second round, proteins ho-
mologous to the predicted CDS sequences are aligned by
ProSplign to genomic sequence (panel B). In another ex-
ample (Figure 5) one of the alternative start codons (panel
A) may get more supporting evidence than the other in the
second round of alignments (panel B). Genomic intervals
predicted to be protein-coding by the two rounds of align-
ments make the set of ‘protein footprints’ used as input in
the second run of GeneMarkS+.
These �nal protein-coding footprints are combined with

information on other types of hints, including RNA genes
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Figure 3. Flowchart of PGAP. The red dotted line indicates separation between pass one and pass two (see text for details).

and CRISPR sequences, prior to the second pass of Gene-
MarkS+. The presence of RNA genes (rRNA, tRNA, small
ncRNA) prohibits prediction of protein-coding genes in the
same location, less small overlaps. This restriction is partic-
ularly important for low GC content genomes in which se-
quences of RNA genes frequently trigger prediction of false
protein-coding genes due to the relatively high GC content
of RNA genes.
We also considered other types of hints that occur rarely

and may affect one or two genes in a whole genome. Ex-
amples include non-canonical start sites or sites of non-
conventional amino acid translation, such as selenocys-
teine. While these hints do not have matching labels, Gen-
eMarkS+ is able to integrate such hints outside the label-
ing routine by assigning a non-canonical start codon or
by making a stop codon at speci�ed location a part of the
protein-coding region (stop codon read-through).
In PGAP, the second run of GeneMarkS+ produces

the �nal structural gene annotation in which all identi�ed
protein-coding and non-coding regions are compatible with
the whole set of externally de�ned hints (labels). One criti-
cal aspect of the algorithm revolves around protein-coding
region start site selection.Within PGAP, we determine start
sites using a combination of ab initio and alignment evi-
dence. In the presence of even a single aligned protein with
suf�ciently strong score we give more weight to the start

site determined by the alignment; in the absence of pro-
tein alignment information, GeneMarkS+ prediction deter-
mines the start site. There are two speci�c cases that we
must then consider within pipeline execution. First, the pro-
tein evidence we use, as described above, is generated by a
sample of representatives of the clustered pan-genome pro-
teins. As a result, each such protein carries a weight pro-
portional to the number of proteins it represents. Therefore,
when alignments suggest alternative start sites we use a sim-
ple voting algorithm to favor the start site with the largest
weight. Second, we must �lter out cases when the protein
homology in some regions is too weak to reliably support
protein-coding hints. These weak alignments are �ltered out
to allowGeneMarkS+ to operate in such regions in ab initio
mode to identify gene models in all possible frames.
In practice, for genomes from well-studied species such

as E. coli and S. typhimurium that have large sets of core
genes, evidence from core proteins is abundant and the role
of ab initio prediction is limited. Conversely, in less well
studied species where the full complement of core proteins
less well known or reduced to clusters of ribosomal proteins,
the protein-coding regions are predicted mostly by Gene-
MarkS+ running in the GeneMarkSmode (ab initio). Thus,
the two-pass approach outlined here is robust in the face of
a wide variety of taxa and genome features.
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Figure 4. A region in theDeinococcus radioduransR1 genome assembly (GCA 000008565.1) contains three overlapping ORFs predicted ab initio as CDSs
in the �rst pass of PGAP. Automatic evaluation of the cross-species protein evidence through the second pass of PGAP reveals proteins bearing homology
to all three fragments. Alignment of the proteins to the genome reveals otherwise unpredicted frameshifts. Green bars represent genes, red bars – coding
regions; grey bars – alignments with red vertical bars indicating mismatches. (A) A region of Chromosome 1 ofD. radiodurans (AE000513.1) containing the
three CDS features is displayed alongside the six-frame translation. (B) The same region, updated to include �nal annotation markup with a frameshifted
CDS as well as supporting proteins that demonstrate a consistent pattern and location of two frameshifts (marked by arrows at positions 100 733 and 100
959).

As new organisms are sequenced and annotated, PGAP
updates clusters of core proteins. In turn, the use of newly
updated clusters allows for iterative improvement of anno-
tation of all prokaryotic genomes in the database.

Protein naming

Protein naming is a critical part of the PGAP pipeline, since
the protein name has to re�ect the protein function. We use
a BLASTp search for all newly identi�ed protein products
against a specialized database comprised of representatives
of all automatically derived prokaryotic protein clusters
(4), reviewed proteins from the UniProt-SwissProt Protein
Knowledgebase (29) and all curated bacteriophage proteins
from the RefSeq collection. The resulting BLASTp align-
ments are �ltered to remove those that fall below thresh-
olds of identity (25%) and coverage (the alignment region
should comprise at least 70% of both query and subject (tar-
get) length). Each BLASTp alignment is assigned a distance
value, varying between 0 (identical) and 1 (entirely dissimi-
lar) based on the ratio of the BLASTp score to the expected
BLASTp score for a perfect match alignment. A query pro-
tein is assigned to the closest identi�cation cluster situated
at least at 0.5 distance from the query protein. However, no
such identi�cation is made if within a distance of 0.1 from
the query protein there is another ‘competing’ identi�ca-
tion cluster. Thus, we favor unique and unambiguous as-
signments: if a query protein matches best to one and only
one identi�cation cluster, we accept the match; if there is
an ambiguous placement (i.e. a close unrelated identi�ca-
tion cluster), we do not accept the match. The NCBI pro-
tein naming conventions use similar rules that have been

adopted by the UniProt-SwissProt Protein Knowledgebase
(29,30) (http://www.uniprot.org/docs/proknameprot).
Assignment of protein names, however, important this

part of the pipeline is, is not in the focus of this paper. The
full set of rules of functional annotation along with any ad-
ditional related informationwill be described in a forthcom-
ing publication.

The PGAP execution system

The new PGAP uses a robust, high-performance execu-
tion framework (GPipe) developed for in-house use at
NCBI. This system provides distributed parallel comput-
ing, robust tracking of all execution tasks and optimiza-
tion of compute-intensive steps. Tracking of execution and
decision-making is a critical feature that permits easy re-
trieval of the evidence behind key algorithmic decisions. The
modular structure of PGAP allows for easy incorporation
of new algorithms.
At its heart, GPipe is a work�ow management tool that

describes collections of tasks connected by data�ow be-
tween programs. In the GPipe model, execution consists of
generating a build (statement of intent to complete a work-
�ow). Each build owns one or more build-runs (an actual
attempt to complete the work�ow). A build-run contains
an execution graph, which connects execution of speci�c
tasks to other tasks using strongly-type data connections as
edges. Each task in turn contains potentially multiple exe-
cutions of a series of programs. All parameters and data�ow
connections for all executions are tracked in a relational
database and can be queried to identify historical usage pat-
terns and deviations from expected executions. Work�ows
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Figure 5. Annotation of genome of Salmonella enterica subsp. enterica serovar Typhimurium str. LT2 (NC 003197). Protein alignment provides support
for gene start selection. See legend to Figure 4 for description of the meaning of green, red and gray bars. (A) the �rst round of alignments of protein
representatives from the ‘core’ protein clusters doesn’t give enough evidence for gene start selection. (B) the second round of alignments clearly supports a
shorter gene model which does not overlap with the upstream gene.

can be subdivided into specialized subgraphs that execute
repetitive tasks; these subgraphs can be created many times
in each build-run to handle varying types of evidence using
identical sets of actions (e.g. Figure 2).
The pipeline execution environment consists of four ma-

jor components: (i) a database in which tasks are organized
as builds and build-runs; (ii) a series of graphs and graph
templates used to organize execution tasks; (iii) C++ ob-
ject code implementing the execution tasks; and (iv) an ex-
ecution application that reads build de�nitions from the
database and executes the appropriate tasks.

PGAP output: validation and �nal annotation

In addition to identifying structural components and estab-
lishing functional identi�cation, PGAP produces reports in
a wide variety of formats used by curators, submitters, as
well as internal submission tools. Included in the reports
produced are: (i) the primary annotated genome objects,
represented in NCBI’s ASN.1 data model and suitable for
direct submission into GenBank; (ii) a report on annota-
tion markup discrepancies requiring submitter or curator
attention; (iii) genome annotation in GenBank �at �le for-
mat ready for manual review and public display; and (iv)

statistics from the annotation process along with citation
of supporting evidence for each gene model. Concomitant
with the ASN.1 markup produced in PGAP, we record the
evidence selected for each model to support the selection
of the speci�c start/stop site as well as evidence used to
support the functional identi�cation of each inferred object
(e.g. Figure 6).

In recent years NCBI, in conjunction with INSDC, has
developed validation procedures designed to ensure that the
new records represent biologically valid and consistently
formatted data. These quality control (QC) procedures have
been incorporated into the PGAP pipeline. The quality of
annotation of a prokaryotic genome can be assessed by sev-
eral metrics. In an effort to develop standards for prokary-
otic genome annotation, NCBI has established a collabo-
ration with other major archive databases and major se-
quencing centers. This collaboration resulted in a set of an-
notation standards approved and accepted by all major an-
notation pipelines (20). Genome annotation should follow
INSDC submission guidelines (GenBank/ENA/DDBJ),
https://www.ncbi.nlm.nih.gov/genbank/genomesubmit/.
In addition to the standards for genomes mentioned

above, PGAP implements rules de�ning complete genome
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Figure 6. A summary of PGAP genome annotation process is provided in the COMMENT section of GenBank and RefSeq records. The example is given
for Listeria monocytogenes strain CFSAN010068, complete genome NZ CP014250.1.

annotation. Minimally complete annotation must contain
the following genes with locus-tags: (i) at least one copy of
rRNAs genes (5S, 16S, 23S); (ii) at least one copy of tR-
NAs for each amino acid; and (iii) for all protein coding
genes with a corresponding CDS, protein naming should
follow UniProt guidelines available at http://www.uniprot.
org/docs/proknameprot.

The annotation process in PGAP incorporates multiple
QC checks within the annotation pipeline itself. Results of
these QC metrics are made available to curators and are
used in automated decisions to accept or reject annota-
tion based on quality standards. For GenBank submission,
quality requirements are permissive to allow themajority of
genome annotations to pass; only annotations with serious
quality problems are �ltered out. For RefSeq submission,
rules are stricter, permitting RefSeq to represent a more
trusted set of annotation of higher quality genomes.

RESULTS

Case study: comparison of PGAP generated annotations with
GenBank genome annotations

We have executed PGAP on the GenBank versions of
genome assemblies of the following eight species: Bacil-
lus subtilis subsp. subtilis str. 168 (GCA 000009045.1);
Chlamydia trachomatis D/UW-3/CX (GCA 000008725.1);
E. coli str. K 12 substr. MG1655 (GCA 000005845.2);
Francisella tularensis (GCA 000008985.1); Mycobacterium
leprae (GCA 000195855.1); Mycobacterium tuberculosis
H37Rv (GCA 000195955.2); Neisseria meningitidis MC58
(GCA 000008805.1); Pseudomonas aeruginosa PAO1
(GCA 000006765.1); Salmonella enterica subsp. enterica
serovar Typhimurium str. LT2 (GCA 000006945.1); and
Yersinia pestis CO92 (GCA 000009065.1). This selection

of genomes represents a cross-section of organism types in
high quality �nished assemblies. While the annotation on
these genomes is not perfect, these 10 examples are among
the highest quality available annotation sets curated to
community-accepted standards.
Comparison of structural annotations generated through

PGAP pipeline with the GenBank annotations (Table 2) in-
dicates that PGAP can automaticallymatch 3′ ends of genes
in more than 98% of cases on average (98.2%). Sources of
differences could be related to errors either in automatic or
inGenBank annotation. For instance, some gene fusion and
�ssion events may lead to predicting some genes as pseu-
dogenes, which could potentially decrease the number of
genes matched at the 3′ end. Arguably, a difference of more
than 2%may indicate some issues with the GenBank record
(such as absence of continuous curation; e.g. the last up-
dates of the GenBank annotation records of N. meningi-
tidis MC58 and B. subtilis were made in 2005 and 2009, re-
spectively). Based on curator review at NCBI, some genes
present in theGenBank annotations of the 10 genomeswere
removed in the RefSeq annotation versions.
Comparing full annotated CDS matches at both 5′ and

3′ ends, PGAP matches GenBank annotation in 89.9% of
cases. Of note, gene start positions (5′ ends) are considered
less accurately annotated than 3′ ends. Therefore, some frac-
tion of mismatch in start positions can also be attributed to
less than perfect GenBank annotation.

GenBank submission service

By design, the PGAP pipeline aims to provide accurate, ro-
bust automated annotation. To further aims of generating
consistent annotation, NCBI offers execution of the PGAP
pipeline for all prokaryotic GenBank submissions, and it
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Table 2. Comparison of the genome annotations generated by PGAP-3.1 with the GenBank annotations of the same genomes (snapshot from February

2016)

Data point

# of genes in
GenBank
annotation

# of predictions
matching
annotation
in 3′ end

% of annotated
genes missed in
predictions

# of predictions
matching
annotation
in 5′ and 3′ ends

% of predictions
with mismatch
in 5′ end

# of
hypothetical
genes in
GenBank
annotation

Bacillus subtilis 4185 4044 3.4 3768 6.8 232
Chlamydia trachomatis 892 886 0.7 822 7.2 285
E. coli 4140 4093 1.1 3915 4.3 0
Franciscella tularensis 1602 1589 0.8 1330 16.3 202
Mycobacterium leprae 1605 1599 0.4 1391 13.0 14
Mycobacterium tuberculosis 4018 3954 1.6 3342 15.5 508
Neisseria meningitidis 2063 1958 5.1 1705 12.9 529
Pseudomonas aeruginosa 5571 5531 0.7 5051 8.7 1693
Salmonella enterica 4554 4485 1.5 4031 10.1 10
Yersinia pestis 4083 4031 1.3 3429 14.9 332

is integrated into the submission system. GenBank submis-
sion standards require genomic sequences to meet speci�c
quality levels. Submitted sequences should pass contamina-
tion screening to eliminate known foreign sequences; the
sequences require proper formatting and attribution and
should contain information necessary for annotation, in-
cluding organism/taxonomic information, genetic code and
unique locus-tag pre�x. More details on GenBank submis-
sion standards are provided at https://www.ncbi.nlm.nih.
gov/genome/annotation prok/.

RefSeq

Historically, RefSeq annotation of prokaryotic genomes
relied on submitter-supplied annotation available in pub-
lic archives. In recent years, several papers and working
groups have identi�ed cases of inconsistent structural and
functional annotation (31,32). It was demonstrated that
annotation of closely related genomes may vary in num-
ber of coding genes, positions of gene starts and assign-
ment of protein function. Inconsistent annotation was ob-
served also beyond protein coding genes; annotation of
RNA genes as well as pseudogenes could be inconsistent
or entirely absent. RefSeq quality control rules include
more stringent criteria than the rules of GenBank submis-
sion. Genomes that do not pass quality control are not ac-
cepted into RefSeq. Of note, RefSeq rules include compar-
ative analysis of all genomes in a clade (33). To improve
consistency of annotation all prokaryotic RefSeq genomes
were re-annotated by PGAP in December 2014 through
March 2015 (for details see https://ncbi.nlm.nih.gov/refseq/
about/prokaryotes/reannotation/). Subsequent to this, Ref-
Seq quality criteria were strengthened resulting in removal
of some genomes, and all RefSeq prokaryotic genomes were
re-annotated again in August 2015 using a single software
version, PGAP-3.0 (see release notes https://ncbi.nlm.nih.
gov/genome/annotation prok/release notes/) to further im-
prove consistency.

Community curated genomes and genes

Some bacterial species with signi�cant community inter-
est have been manually curated by expert biologists. Anno-
tation of these genomes is evaluated by the RefSeq cura-

tors and is updated as new information becomes available
from community experts. Additional efforts are planned to
strengthen collaboration with the research community in
order to provide accurate and up-to-date annotation for
high interest species and metabolic pathways. Active com-
munity curated species include E. coli K-12 MG165 (34),
Mycobacterium tuberculosis strains (35) and Pseudomonas
aeruginosa strains (36).

New data model for proteins

As a result of deep sequencing of multiple strains of
pathogens, several prokaryotic clades grew signi�cantly and
created a �ood of identical proteins. To decrease redun-
dancy in annotated proteins, particularly bacterial proteins,
the RefSeq collection introduced a new protein data type
signi�ed by a ‘WP’ accession pre�x. The new protein record
type represents a group of identical protein sequences anno-
tated in genomes of various isolates, strains or species. This
data type ismanaged independently of the genome sequence
record. More details are available at https://ncbi.nlm.nih.
gov/refseq/about/nonredundantproteins/.

CONCLUSIONS

The PGAP pipeline, in its new implementation, uses mul-
tiple approaches to annotation to strike a balance in per-
formance whether dealing with well-known bacterial clades
or with less-well-described taxonomic lineages. Combining
the best features of the pan-genome approach in highly
abundant clades with well-described and well-tested ab ini-
tio methods, PGAP now presents a �exible and extensi-
ble framework for prokaryotic annotation needs. As shown
in Figure 7, the majority of predicted prokaryotic protein-
coding genes are supported by homology to known pro-
teins. Two factors explain this observation. First, in large
clades, the corpus of ‘core’ genes can support 70–80% of the
average number of genes in each clade member (Table 1; e.g.
S. aureus, S. enterica, L. monocytogenes, V. cholera in Figure
7). Second, in small clades, while the number of isolates may
not be suf�cient to calculate pan-genome ‘core’ genes and
proteins, the number of conserved gene and protein families
de�nedwithin ‘expanded’ clades that amount to higher level
taxonomic units can still be high (e.g. S. globosa in Figure
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Figure 7. Frequency histogram of genomes with respect to the fraction of
the whole complement of genes supported by similarity to proteins in Ref-
Seq. In about 50% of the total set of genomes in consideration, mostly
from highly populated clades, more than 95% of protein-coding genes are
supported by protein sequence similarity.

7). Of note, ab initio gene predictionmethods can contribute
most in annotation of genomes from novel taxonomic lin-
eages (e.g.V. sominosum,M. pirum, S. amilolyticus in Figure
7). While prediction of protein coding genes is of high pri-
ority, identi�cation of non-protein-coding elements cannot
be overlooked. PGAP incorporates robust tools developed
by the community for prediction of such elements, and ac-
curately combines this information with protein coding el-
ements.
The new PGAP version employs a robust automatic sys-

tem optimized for high throughput. PGAP is able to an-
notate more than 1200 genomes a day, an increase of two
orders of magnitude over its semi-automatic predecessor.
As the tide of prokaryotic submissions is ever-increasing,
NCBI will continue to focus on throughput and accuracy
to meet the needs of the community. More than 8000 new
GenBank submissions were annotated by PGAP by the end
of February 2015; also, more than 30 000 RefSeq genomes
were re-annotated (RefSeq release 70). The latest RefSeq re-
lease 74 (January 2016) includes 54 242 annotated prokary-
otic genomes.
NCBI’s PGAP is an evolving system. This manuscript

describes major features implemented in PGAP version
2.0–3.1. In July 2015, additional features were implemented
and released in version 3.0, and version 3.1 of PGAP
went into production in January 2016 (see for details:
https://www.ncbi.nlm.nih.gov/genome/annotation prok/
release notes/). The pipeline will continue to be extended
with new features and novel algorithms as research into
automated annotation continues.
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