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Metagenomic assembly is often used in microbiome research. In metagenomic
assembly, contigs are binned based on the shared nucleotide composition. These contig
bins are called metagenome-assembled genomes (MAGs), each representing a unique
bacterial genome recovered from metagenome sequencing. Hundreds of thousands of
high-quality MAGs of various ecological environments have been published since 2017,
and increasingly more MAGs are being used in pan-genome analyses where unculturable
species or species without reference genomes are studied in microbiome research.
However, compared to the traditional pan-genome analysis that uses isolate genomes
(from a pure strain isolated from a mixed bacterial population), it is not known how the
quality of pan-genome analyses is affected by the problems often associated with MAGs,
such as fragmentation, incompleteness, and contamination. The purpose of this study is to
investigate differences in pan-genome analysis on complete isolate genomes and MAGs.
The specific aims are: (1) to evaluate the changes in the core genome of MAGs, and (2)
to test the influence of MAGs on downstream functional analysis. MAGs with expected
quality were simulated from complete genomes of 17 prokaryotic species, and pangenome analysis was performed for simulated MAGs to generate core genomes.

Functional and phylogenetic analyses were performed using the results of simulated
MAGs and benchmarked against those using the original complete genomes. Compared
to the analyses using the complete genomes, fragmentation and incompleteness in MAGs
led to reduced core genomes, while contamination in MAGs resulted in large numbers of
unique genes. The potential underestimation in functional prediction and incorrect
phylogenetic reconstruction was associated with the loss of core genomes. We suggest
that more relaxed parameters should be used in pan-genome analysis to improve the
accuracy on MAGs. Better quality control of MAGs and the development of new pangenome analysis tools (e.g., with improved gene annotation and clustering algorithms)
are needed in future studies.
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CHAPTER I
INTRODUCTION

The term pan-genome was first introduced in 2005. The pan-genome represents
the entire gene set of all strains in a species (Tettelin et al., 2005), which contains the
core genome and the variable genome. The core genome is the set of homologous genes
that are present in all genomes. Historically, complete isolate genomes of bacteria have
been used for pan-genome analysis. More recently, pan-genome analyses have been
increasingly used to study metagenome-assembled genomes (MAGs) of the unculturable
species or species without reference genomes. MAGs are produced through DNA
sequencing, read assembly, and contig binning of environmental samples, and can be
regarded as a close representation of individual genomes. However, compared to fully
assembled genomes, MAGs are known to have three major limitations: fragmentation,
incompleteness, and contamination. These limitations may affect the accuracy of pangenome analysis. To understand the importance of the quality of MAGs, in this study
both individual genomes and simulated MAGs were used for multiple pan-genome
analyses and the results were compared.
The literature review in chapter II provides background information about pangenome and its applications, examines challenges in pan-genomic computational tools,
and introduces the nature of MAGs. The overview and discussion of recent studies using
MAGs in the pan-genome analysis are also included in this chapter.
The materials and methods are provided in chapter III. In this chapter, the data
collection and literature review are described, and the bioinformatics pipeline to generate
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simulated MAGs from complete genomes is introduced. The detailed information about
pan-genome analysis and downstream functional analysis is also explained.
In chapter IV, the main results of this study are described in detail. Fragmentation
and incompleteness of MAGs were found to lead to the loss of the core genome. The
finding was consistent irrespective of the pan-genome tools (Roary, BPGA, Anvi’o) used.
However, inconsistent results on contamination of MAGs were observed between Roary
and the other two tools. Different parameters in the pan-genome analysis were also
tested. It showed the importance of parameter selection for more reliable pan-genome
analysis with MAGs. It also revealed the bias or errors in functional and phylogenetic
analyses for MAGs.
The discussion and conclusion are provided in the last chapter. Expected as well
as unexpected results are discussed. The loss of core genomes in MAGs revealed that
improvement is needed in MAG quality control and gene annotation and clustering
algorithms in pan-genome analysis. Finally, suggestions for pan-genome parameter
selection were provided based on the quality of MAGs.
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CHAPTER II

LITERATURE REVIEW

Pan-genome Definitions and Applications
The genes in a pan-genome are classified into three categories: (i) core genes, (ii)
dispensable, accessory, or flexible genes, and (iii) unique/singleton genes. The core genes
are shared by all strains within the species, while accessory genes present in a subset of
the strains, and the unique genes are only present in a specific strain (Tettelin et al.,
2005). Core genes are likely to be essential for the growth or survival of any strains of the
species (Tettelin et al., 2005; Kim et al., 2020), while the accessory and unique genes
may reflect the evolutionary innovation and adaptations of each strain to its particular
environment, host, and/or lifestyle (Tettelin et al., 2005; Zhang and Sievert, 2014; Nelson
and Stegen, 2015). In some cases, the core genes also include more conserved accessory
genes and can be separated into strict-core and soft-core genes. Strict-core genes are
found in >99% (Page et al., 2015) or 100% (Kaas et al., 2012) of the genomes studied,
while soft-core genes are present in >95% (Bezuidt et al., 2016) or >96% (Laing et al.,
2017) of the genomes studied. The inclusion of soft core genes is important when draft
genomes are included in the pan-genome analysis, as some genes may be missing in draft
genomes due to their lower assembly quality than completely assembled genomes
(Nelson and Stegen, 2015).
The result of pan-genome analysis depends on how many genomes are included in
the analysis. Pan-genomes of different species can be defined as “open” or “closed”
based on power law or Heaps’ law model (Tettelin et al., 2008). In other words, the
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classification of the pan-genomes depends on the probability of finding new gene
families as new genomes are sequenced and added into the analysis (Costa et al., 2020).
If the size of the pan-genome increases constantly with the addition of new genomes, the
pan-genome is considered open. The pan-genome is defined as closed when the addition
of new genomes does not change the size of the pan-genome significantly (Tettelin et al.,
2008; Carlos Guimaraes et al., 2015). The open or closed nature of a pangenome is
correlated with the lifestyle of the bacterial species (Medini et al., 2005). Sympatric
species, which live in a community and frequently contact with other species in the same
environment, tend to have open pangenomes. These species tend to have a higher rate of
horizontal gene transfer to continuously gain new genes. In contrast, the allopatric species
that live in an isolated environment usually have a smaller and closed pan-genome
(Medini et al., 2005; Georgiades and Raoult, 2011).
Pan-genome analysis can be used in various studies of prokaryotic species,
including genomic diversity characterization, bacterial evolutionary analysis, disease
outbreak analysis, the study of virulence-associated genes, and the antimicrobial
resistance study (Anani et al., 2020; Kim et al., 2020). In the past, pan-genome analyses
have been conducted to reveal the genomic diversity and phylogeny of various species
such as Escherichia coli (Vieira et al., 2011; Kaas et al., 2012), Staphylococcus
epidermidis (Conlan et al., 2012), Bifidobacterium longum (O’Callaghan et al., 2015),
Salmonella enterica (Laing et al., 2017), and Corallococcus spp. (Livingstone et al.,
2018). Other examples include the study of an outbreak of Staphylococcus aureus by a
pan-genome analysis of isolates from patients (Roisin et al., 2016), and the identification
of diagnostic marker genes in Campylobacter jejuni strains (Buchanan et al., 2017). The
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core genome of Acinetobacter baumannii was used to determine its carbapenem
resistance (Higgins et al., 2017). The Pseudomonas aeruginosa pan-genome provided
new insights on its antimicrobial resistance and virulence genes (Freschi et al., 2019).

Pan-genome Computational Tools and Their Challenges
A great number of computational tools/packages/pipelines for pan-genome
analysis have been developed in the last 15 years, such as PGAP (Zhao et al., 2012),
GET_HOMOLOGUES (Contreras-Moreira and Vinuesa, 2013), ITEP (Benedict et al.,
2014), Roary (Page et al., 2015), Anvi’o (Eren et al., 2015), BPGA (Chaudhari et al.,
2016), and PanX (Ding et al., 2018). A recent survey identified more than 40 pangenome analysis tools currently available online or downloadable (Anani et al., 2020).
Computational tools for pan-genome analysis have been compared in previous studies
(Marschall et al., 2018; Anani et al., 2020; Kim et al., 2020; Vernikos, 2020; Pantoja et
al., 2020). In these studies, the authors summarized the features provided in each tool,
evaluated the performance and computational efficiency, pointed out unaddressed issues
and challenges, and provided further suggestions for developing better tools.
For example, Marschall et al. (2018) suggested that one of the important
considerations in the pan-genome analysis is the “completeness” so that all functional
elements should be included in a sufficient number of genomes. Bonnici et al. (2021)
summarized that a general pan-genomic workflow includes three steps: (i) detection and
annotation of genes in unannotated genomic sequences (assembled genomes or contigs),
(ii) clustering homologous genes based on gene similarities at sequence or functional
level, and (iii) presenting pan-genomic matrix showing the relationships between gene
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clusters and the genomes they belong to. Using several benchmark datasets generated by
varying the model parameters to simulate variation in gene abundance and alteration in
sequences, they found that the performance of pan-genome computational tools was
influenced by the input genome compositions. The performance of pan-genome
computational tools decreased with increasing levels of genome variations, evolutionary
distance, and the number of genomes (Bonnici et al., 2021). Wu et al. (2021) used a
series of Bacillus subtilis strain sets to understand the impacts of various confounding
strains on the output accuracy of pan-genome analyses. They concluded that the
performance of pan-genome analyses was influenced by the inclusion of incorrectly
classified strains, phylogenetically distinct strains, genome-reduced/chimeric strains,
strains that contain a large number of unique genes or pseudogenes, and multiple clone
strains. They suggested that the quality control of input genomes was extremely
important to improve the efficiency and accuracy of pan-genome analysis (Wu et al.,
2021). Lastly, Zhou et al. (2020) mentioned that the incompleteness and inconsistent
gene annotations (for instance, fragmented genes missed in functional prediction) may
affect the results of pan-genome analysis and lead to reduced core genome size and
overestimated pan-genome size. If the orthologous genes (evolved by vertical descent)
and paralogous genes (derived from gene duplications or horizontal gene transfer events)
were not correctly differentiated, the inclusion of paralogous genes in the phylogenetic
analysis may also cause inaccurate biological interpretation (Zhou et al., 2020). All in all,
the quality of the input genomes and the algorithm used in the computational tools are
both important for pan-genomic analysis.
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Metagenome-Assembled Genomes (MAGs) and Limitations
The term metagenomics was first proposed by Jo Handelsman in 1998
(Handelsman et al., 1998). It is a culture-independent analysis that uses DNA
sequencing techniques to study the genomes recovered directly from environmental
samples (also known as metagenomes) (Riesenfeld et al., 2004). Metagenomic studies
included environmental DNA cloning, functional expression screening (Handelsman et
al., 1998), random shotgun sequencing, and reconstruction of environmental DNA
(Venter et al., 2004; Tyson et al., 2004). Compared to the traditional culture-dependent
method, metagenomics can be used to study unculturable microorganisms (Riesenfeld et
al., 2004; Tyson et al., 2004; Taylor-Brown et al., 2017), discover diversity and
abundance of community members (Schloss and Handelsman, 2008; Delmont et al.,
2011; Saghaï et al., 2015), and explore the metabolic potential of the community and its
members (Martin-Cuadrado et al., 2008; Simon et al., 2009).
Metagenome-assembled genomes (MAGs) are produced from metagenome
shotgun sequencing reads through filtering, assembling, binning, and taxonomy
assignment steps to generate the close representation of actual individual genomes. The
term MAG first appeared in the literature in 2015 (Hugerth et al., 2015; Garcia et al.,
2015), although the earliest use of metagenome assembly and binning to recover
individual genomes can be dated back to 2004 (Tyson et al., 2004; Venter et al., 2004).
Thanks to the development of faster and more accurate contig binning tools (e.g.,
CONCOCT (Alneberg et al., 2014), MaxBin (Wu et al., 2014), ABAWACA (Brown et
al., 2015), and MetaBAT (Kang et al., 2015)), the first large scale MAG study was
published in 2015 (Brown et al., 2015), although the term genome bin instead of MAG
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was used. In 2016, a review paper summarized the workflow of recovering MAGs from
metagenome sequencing (Sangwan et al., 2016). In 2017, the Genomic Standards
Consortium (GSC) published the Minimum Information about a Metagenome-Assembled
Genome (MIMAG), a metagenomics community standard for publishing MAGs with
mandatory metrics (genome completeness and contamination) (Bowers et al., 2017).
These community-driven efforts have significantly boosted the use of MAGs in largescale microbiome research. A Google Scholar search found only 47 records with the term
“Metagenome-assembled genome” before 2017, but 1,190 records after 2017. Indeed
since 2017, hundreds of thousands of MAGs have been reconstructed from the various
environments, including the ocean (Tully et al., 2018; Jégousse et al., 2021), soil
(Kroeger et al., 2018), lakes (Vavourakis et al., 2018), the human gut (Almeida et al.,
2019; Pasolli et al., 2019), activated sludges (Singleton et al., 2021), and the animal gut
(Chen et al., 2021; Peng et al., 2021; Watson, 2021). These MAGs have been used to (i)
identify complete genes and operons to improve predictions of metabolic capacities, (ii)
provide information about gene synteny and enable better taxonomic profiling, (iii)
discover completely novel taxa, (iv) find and study genes in specific species/strains, (v)
construct the new tree of life, and (vi) compare the abundance of different MAGs across
samples (Quince et al., 2017; Chen et al., 2020; Bharti and Grimm, 2021).
However, there are some concerns about the use of MAGs. Chen et al. (2020)
concluded that factors including gaps, assembly errors, chimeras, and contamination
would significantly limit the advantages of using MAGs. For example, MAGs may have
some gaps due to the low coverage of short reads (Chu et al., 2019). MAGs may have
assembly fragmentation caused by strain divergence. Therefore, assembly of long
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fragments from short reads is difficult when within-population diversity is high (Chen et
al., 2020). Different types of assembly errors including repeat collapse, insertions,
deletions, and inversions, may be involved in MAG assembly and thus influence the
quality of MAGs (Olson et al., 2019). The chimeric reads result in a fragmented
assembly by introducing an erroneous assembly graph, leading to truncated contigs
(Alneberg et al., 2018). The chimeras of sequences from two different organisms may be
created in misassembly (Mineeva et al., 2020). Additionally, if the scaffolds are too short,
the binning will produce unreliable MAGs due to binning errors. MAGs may be
contaminated by phage or plasmid genome fragments that having similar coverage or GC
content (Chen et al., 2020).
According to the minimum information about a metagenome-assembled genome
(MIMAG) mentioned above (Bowers et al., 2017), MAGs are considered as “highquality” if they are >90% complete with less than 5% contamination (Bowers et al.,
2017). MAGs with low completeness or high contamination can lead to incorrect
conclusions. Therefore, completeness and contamination are two important metrics that
need to be reported for new MAGs to determine their quality. CheckM is one of the most
widely used tools that estimate both completeness and contamination in MAGs based on
the presence of single-copy genes (SCGs) (Parks et al., 2015). However, two partial
genome bins of different genomes may be incorrectly combined (Parks et al., 2015),
which will limit the value of MAGs (Becraft et al., 2017). Furthermore, the absence of
multiple copies of SCGs cannot indicate the absence of fragments from other organisms
(Chen et al., 2020), CheckM may fail to detect contamination from lineages that are not
represented in the database and significantly underestimated the real contamination in
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MAGs (Becraft et al., 2017). Although some tools like Anvi’o (Eren et al., 2015) enable
the manual curation of contamination beyond the use of SCGs for estimation, these
strategies have limited scalability from large-scale datasets or samples. Overall,
compared to complete isolate genomes, MAGs may suffer from fragmentation,
incompleteness, and contamination. The quality evaluation of MAGs is critical to give a
precise and meaningful interpretation in microbiology and environmental genomics.

Using MAGs in Pan-genome Study
In the past five years, the pan-genome analyses of MAGs have been increasingly
used to study microbiomes in a variety of environments. One of the earliest studies was
published in 2017 (Anderson et al., 2017), where MAGs were reconstructed from two
hydrothermal vents to investigate the genomic variations within subseafloor microbial
populations; the Integrated Toolkit for the Exploration of microbial Pangenomes (ITEP)
(Benedict et al., 2014) was used to generate the clusters of open reading frames (ORFs)
to determine the functional enrichment in Sulfurovum MAGs. In another study, Meyer et
al. (2017) performed pan-genome analysis for Roseofilum MAGs to explore the
functional repertoire of the black band disease (BBD) consortium. It was revealed that the
resistance to sulfide was an important characteristic for the growth and survival of the
BBD consortium.
More recently, pan-genome analyses of MAGs have been used to explore the
human microbiomes in the intestinal tract, mouth, skin, and vagina. For example, a pangenome analysis of human MAGs was performed to study the human-associated
microbial diversity in different human populations (Pasolli et al., 2019). Almeida et al.
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built the Unified Human Gastrointestinal Genome (UHGG) collection by combining
MAGs and isolate genomes from various resources and reducing redundancy (Almeida et
al., 2021). The pan-genome of each UHGG species was further generated to study
intraspecies genomic diversity and the functions encoded by the core and accessory genes
(Almeida et al., 2021). In addition, the pan-genome of MAGs from newly identified
species-level operational taxonomic units (OTUs) was constructed to study the
phylogenetic diversity of newly sequenced gut bacteria (Nayfach et al., 2019).
There are also pan-genome analyses of MAGs in specific species. The differences
in pan-genome sizes of four Prevotella copri clades were compared between individuals
on non-westernized diets and westernized diets. The findings revealed that P. copri has
substantial genomic and functional diversity that were underrepresented in westernlifestyle populations (Tett et al., 2019). Another report has studied the pan-genomes and
core genomes of Faecalibacterium-like species-level genome bins (SGBs, equivalent to
MAGs of the same species). It was found that the higher diversity of SGBs may be
associated with increased utilization of plant-based foods, while the lower diversity of
SGBs observed in western populations may be related to intestinal inflammatory and
obesity (De Filippis et al., 2020). Baker et al. (2021) conducted a pan-genome analysis of
oral MAGs, which not only increased the diversity of oral species but also illustrated the
significant variations in functional potential among different Saccharibacteria clades.
Zhou et al. (2018) studied the origin of Salmonella enterica Paratyphi C by combining
MAGs reconstructed from metagenomes of an old skeleton with genomes of modern S.
enterica. The pan-genome of oral MAGs has also been used to identify shared/unique
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genes and functions to determine functional markers of niche specificity (Shaiber et al.,
2020), and reveal associations between species and specific habitats (Utter et al., 2020).
The pan-genome analysis of MAGs has also been conducted on microbiomes in
the ocean, thermal vents, lakes/rivers, and soil. Pan-genome analysis revealed genomic
stability and environmental adaption of ammonia-oxidizing archaea in the deep ocean
(Wang et al., 2019). Wilkins et al. (2019) performed a comparative study to identify
shared genetic contents among bacteria and archaea species in two hot springs to
understand the phylogenetic diversity and functional potential within springs. Moulana et
al. (2020) found that important factors like nutrient limitation may drive the adaptation
and evolution of microbial lineages in hydrothermal vents. Sheridan et al. (2020)
determined the influence of gene duplication on the evolution and genome expansion of
archaea lineages in rivers. The pan-genome of soil MAGs revealed core gene clusters and
their functions in carbohydrate metabolism, and provided new biological insights for soil
microbial communities (Kroeger et al., 2018).
The pan-genome analysis is often followed by a more in-depth downstream
analysis. The core genes identified in MAG pan-genome analysis can be used for
phylogenetic analyses (Pasolli et al., 2019) or serve as effective taxonomic marker genes
for species identification (Nayfach et al., 2019). The functional predictions generated
from MAG pan-genome analysis can be applied to developing new culturing strategies
for species isolation (Almeida et al., 2021). Functional enrichment analysis in the
core/unique genes of MAGs can shed new insights on the species evolution and
adaptation to a specific environment (Moulana et al., 2020; Shaiber et al., 2020).
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In summary, the pan-genome analysis that combines MAGs with reference isolate
genomes has been used routinely to study the genomic diversity and population structure
of environmental microbiomes (Reveillaud et al., 2019). However, due to the nature of
MAGs (fragmentation, incompleteness, and contamination), to which extent the accuracy
of pan-genome results is influenced by the quality of MAGs has not been determined in
previous studies. Our hypothesis is that given the quality of MAGs, which is not as good
as completely assembled individual genomes, there will be biases and errors in the MAG
pan-genome analysis.
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CHAPTER III

METHODOLOGY

Literature Search and Summary

In order to find relevant literature that has used pan-genome analysis on MAGs, a
keyword search was performed against PubMed and Google Scholar using the following
queries:

(i). Search in PubMed: ((pangenome) OR (pan-genome)) AND ((metagenomeassembled genomes) OR (MAGs)),

(ii). Search in Google Scholar: ("pangenome" OR "pan-genome") AND
("metagenome-assembled genome" OR "MAGs")

The publications collected were further filtered to keep those meeting the
following criteria: (i) organism(s) used in the study were from prokaryote
(bacteria/archaea), (ii) at least one metagenome-assembled genome reconstructed from
metagenome samples were involved in pan-genome analysis, and (iii) the specific pangenome computational tools were listed.

All the publications that met the requirements were downloaded and manually
curated. Information including PMID, title, authors, year of publication, journal,
source/habitat of metagenomes, computational tools used in the pan-genome analysis,
computational tool parameters, and downstream analysis was recorded (Appendix A).
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The bar graphs for the year of publication and the pie chart for the source of
metagenomes were created by using R ggplot2 (Wickham, 2016).

Data Collection
The bacteria assembly summary file was downloaded from the NCBI RefSeq
database (ftp.ncbi.nih.gov:/genomes/refseq/bacteria/assembly_summary.txt) in October
2019 (O’Leary et al., 2016). A total of 17 species, each containing at least 100 complete
genomes (without gaps in the genomes), were selected for benchmarking data. All
complete genomes of the 17 species were downloaded in nucleotide fasta format (the
total number of downloaded complete genomes was 4,795). To filter out misannotated
genomes, for each species, all-against-all average nucleotide identity (ANI) among
complete genomes were calculated by using FastANI v1.32 (Jain et al., 2018). Genomes
with <90% of their pairwise ANI values >94% (Konstantinidis and Tiedje, 2005; Richter
and Rosselló-Móra, 2009) were removed. All the remaining complete genomes of a
species were used as the species dataset (e.g., E. coli species dataset).
To create contaminated datasets (see below), the genus-level (interspecies)
contamination datasets were collected for four selected species, namely Burkholderia
pseudomallei, Bacillus subtilis, Klebsiella pneumoniae, and Streptococcus pyogenes. For
each species, genomes from other species within the same genus were downloaded. A
total of 1,589 and 1,118 genomes were used as genus-level contamination datasets for B.
pseudomallei and K. pneumoniae, respectively. One thousand genomes randomly
selected from 4,189 genomes in Bacillus genus and 1,000 genomes randomly selected
from 12,533 genomes in Streptococcus genus were used as the genus-level contamination
datasets for B. subtilis and S. pyogenes, respectively.
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Assessment of 17 species
For each species, the number of chromosomes and plasmids in each of the
complete genomes were calculated. The maximum, minimum, and average number of
chromosomes and plasmids in all complete genomes in the species were summarized.
To depict the phylogenetic relationship among the 17 species, one representative
genome of each species was selected. The genome in each species dataset that was
labeled as the “reference genome” or “representative genome” in the bacteria assembly
summary was selected as the representative genome. To reconstruct a phylogenetic tree,
the orthogroups in the 17 representative genomes were determined by using OrthoFinder
v2.52 (Emms and Kelly, 2019). All single-copy orthogroups (the orthogroup with exactly
one gene from each species) were extracted. Multiple sequence alignment (MSA) for
each single-copy orthogroup was created with Muscle v3.8 (Edgar, 2004). All singlecopy orthogroup MSAs were combined and the conserved blocks were determined by
using gblocks v0.91b (Castresana, 2000). The phylogenetic trees were built by using
RAxML v8.2.12 (Stamatakis, 2014) and visualized by using Interactive Tree Of Life
(iTOL) v5 (Letunic and Bork, 2021).

Pan-genome Analysis for Each Species Dataset
For each species dataset, pan-genome analysis was performed by using all
complete genomes in the dataset. All nucleotide sequences were annotated by using the
automatic pipeline Prokka v1.13 (Seemann, 2014), in which the program Prodigal (Hyatt
et al., 2010) was used for gene finding and translation. The average genome size (the
number of genes) of species complete genomes was calculated. Gene functions were
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predicted in Prokka by using translated protein sequences as queries to search against a
set of public databases (Seemann, 2014). The general feature format (.gff) files for
genomes were used as inputs to pan-genome analysis by using Roary v3.13 (Page et al.,
2015) with the parameters ‘-i 90’ (minimum amino acid identity of 90% for a positive
match in blastp), ‘-cd 100’ (a core gene defined as 100% presence), ‘-s’ (do not split
paralogs), and ‘-e -n’ (create fast core gene alignment with MAFFT (Katoh and Standley,
2013)).
The Heaps’ law model (n=𝜅𝑁 𝛾 , where n is the pan-genome size, N is the number
of genomes used, and κ and γ are fitting parameters) was used in the pan-genome of each
species dataset to predict the openness and closeness of the pan-genome (Tettelin et al.,
2008; Park et al., 2019). If γ >0, the pan-genome was considered to be open; otherwise,
the pan-genome was considered to be closed. In addition, the Pearson’s correlation tests
were performed using cor.test function in R to determine the correlations between the
number of genomes/the average genome size and the pan-genome size.

Statistical Analysis of MAGs
The 276,349 UHGG MAGs reconstructed from human gut metagenomes in the
study by Almeida et al. (2021) were used to determine the distribution of contig number,
completeness, and contamination in MAGs. A summary file containing the genome
metadata was downloaded from the MGnify FTP site
(ftp.ebi.ac.uk/pub/databases/metagenomics/mgnify_genomes/human-gut/v1.0/genomesall_metadata.tsv). The average number of contigs, completeness, and contamination of all
MAGs from all species were computed and plotted. Similar plots were also made for the
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MAGs from a specific species of the 17 species (e.g., Escherichia coli and Klebsiella
pneumoniae). Histograms and density plots for showing the statistical analysis results
were created using R ggplot2 (Wickham, 2016)

Simulate MAGs from Complete Genomes
For each species, 100 complete genomes were randomly selected as its original
dataset to be used for creating simulated MAGs. We simulated MAGs from the complete
genomes mimicking the distribution of fragmentation, completeness, and contamination
observed in UHGG MAGs. Specifically, a list of 100 simulated MAGs was generated
using Python SciPy (Virtanen et al., 2020) and NumPy (Van Der Walt et al., 2011)
following an F-distribution (see Results). For example, to simulate a 100 MAG dataset
with an average fragment number of 50 from 100 complete genomes, we do not cut every
genome into 50 fragments. Instead, a Python script is used to generate 100 random
numbers with a mean = 50 and following an F-distribution. These 100 random numbers
are used to guide the cut of the 100 genomes into fragments to create a simulated MAG
dataset. In summary, the number of fragments, and the percentages of completeness and
contamination observed in UHGG MAGs were used to randomly generate numbers,
which were applied to the 100 complete genomes to create simulated MAG datasets with
the expected fragment numbers, completeness percentage, or contamination rates in
MAGs. The MAG simulation was performed in three steps (i) fragmentation, (ii)
incompleteness, and (iii) contamination (Figure 1).
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Figure 1. The pipeline to simulate MAGs from complete genomes.

(i) Fragmentation. A total of 5 levels of fragmentation (50, 100, 200, 300, and
400 fragments) were used. Each of the 5 numbers was used as the expected mean value to
randomly generate a list containing 100 numbers, corresponding to the number of
fragments created in the 100 original complete genomes. More specifically, the numbers
of fragments were randomly assigned to complete genomes. Each complete genome was
cut according to its assigned number of fragments. The cut positions were randomly
selected on the complete genome sequence (number of cut positions = number of
fragments - 1). When there were plasmids in the genome, both chromosome and plasmid
sequences were cut to generate the fragmented genome. The fragmentation dataset
contains 100 fragmented genomes generated as described above.
(ii) Completeness. There were also five levels (99, 98, 97, 96, and 95%) of
completeness to be simulated. Each of these five percentages was used as the mean to
generate the list containing 100 percentages corresponding to the percentages of
completeness created in the 100 original complete genomes. The completeness
percentages were randomly assigned to fragmented genomes. The percentage of the
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genome to be removed is 100% minus the assigned completeness percentage. The length
to be removed on each fragment was calculated from multiplying the removal percentage
by the length of the fragment. The removed sequence was discarded from the end of each
sequence fragment. The incompleteness dataset containing fragmented and incomplete
genomes was generated in this step.
(iii) Contamination. Contamination within species-level (intraspecies) was
simulated for all the 17 species, while the contamination within genus-level (interspecies)
was only performed for four selected species (B. pseudomallei, B. subtilis, K.
pneumoniae, and S. pyogenes). The species-level contamination genome fragments were
selected from all complete genomes within the species (source genomes are from the
same species), whereas the genus-level contamination genome fragments were chosen
from other species within the genus (source genomes are from the same genus, see details
in Data Collection). For each contamination level, there were 8 levels of contamination
percentage, ranging from 0.5% to 4.0%, with a gap of 0.5%. These 8 contamination
percentages were used to generate the list of percentages corresponding to the
percentages of contamination created in the 100 original complete genomes. The
contamination percentages were randomly assigned to fragmented and incomplete
genomes generated above. The total contamination length was calculated from
multiplying the contamination percentage by the total length of the genome. For each
genome, the total contamination length was randomly divided into smaller lengths, the
total number of which was varying between 1 and 20. Each smaller length was used as
contamination sequence length, and a sequence in that length was copied from randomly
selected contamination source genomes in genus-level or species-level and added into the
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simulated genome. The contamination dataset containing fragmented, incomplete and
contaminated genomes was generated in this step.
Overall, four types of datasets were generated: 1) original complete genome
datasets, 2) fragmentation datasets, 3) incompleteness datasets, and 4) contamination
datasets. For each species, after the whole simulation process, an original complete
genome dataset, 5 fragmentation datasets, 5 incompleteness datasets, and 8 contamination
datasets were created.

Pan-genome Analyses for Simulation Datasets
For all the 17 species, pan-genome analyses were performed and compared
among species for each type of simulation dataset to determine the effects on core
genomes caused by genome fragmentation, incompleteness, and contamination. Genomes
in simulation datasets were predicted and annotated using Prokka v1.13 (Seemann, 2014)
with default parameters. Pan-genome analyses were carried out using Roary v3.13 (Page
et al., 2015) with the parameters ‘-i 90’ (minimum amino acid identity of 90% for a
positive match in blastp), ‘-cd 100’ (a core gene defined as 100% presence), ‘-s’ (do not
split paralogs), and ‘-e -n’ (create fast core gene alignment with MAFFT (Katoh and
Standley, 2013)).
To project the correlation between the number of core genes and the number of
fragments or the percentage of incompleteness, the exponential model ( 𝑦 = 𝑒 (𝑎𝑥+𝑏) ) was
used, where y is the number of the core gene families in pan-genome and x represents the
number of fragments or the percentage of completeness. The predicted fitting curves
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were plotted using R ggplot2 (Wickham, 2016), and the adjusted-R and P values were
calculated.

Random Group Variation Test
Selection of 100 original complete genomes to generate simulated MAGs may
affect the analysis results. To assess the variation that may be caused by different random
100 genome datasets, 50 random datasets (each with 100 genomes) were generated going
through the same simulation process as described above for Escherichia coli. For
Bordetella pertussis, Staphylococcus aureus, and Klebsiella pneumoniae, 30 random
datasets (each with 100 genomes) were generated. Therefore, for each of the four species,
there will be 50 or 30 of: 1) original complete genome datasets, 2) fragmentation datasets,
3) incompleteness datasets, and 4) contamination datasets. These 50 or 30 datasets of the
same type (e.g., 100cut fragmentation group) will be analyzed together. The median,
mean, and standard deviation for the number of core genes of the 50 or 30 datasets were
calculated. The violin plots were created by using R ggplot2 (Wickham, 2016) to
visualize the variations among datasets.

Compare Three Pan-genome Tools
In this study, three pan-genome computational tools were used based on literature
search results. Roary was selected due to its high citation and processing ability for largescale datasets. BPGA v1.3 (Bacterial Pan Genome Analysis tool) (Chaudhari et al., 2016)
was selected to represents user-friendly tools, while Anvi’o (Eren et al., 2015) was
increasingly used in recent years and designed for analysis and visualization of omics
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data. The pan-genome results given by these three tools were compared. To remove the
differences that may be caused by gene prediction tools (built in each of the three pangenome analysis tools), the gene annotation files provided by Prokka v1.13 (Seemann,
2014) were used as inputs for all the three tools. The amino acid sequences in fasta
format were used for BPGA, while the gene annotation files in genbank format were used
in Anvi’o.
Two representative species, E. coli and B. pertussis, were selected for pangenome tool comparison due to their different γ values (indicate more open or close pangenome). Roary was run with the parameters “-i 90 -cd 100 -s -e -n”. In BPGA pangenome analysis, USEARCH (Edgar, 2010) was selected as the gene clustering tool using
sequence identity cut-off 90%, the core genes were defined as genes that present in all the
genomes (100%). In Anvi’o pan-genome analysis, “anvi-script-reformat-fasta” was first
run to remove the very short contigs (length < 4bp) and unify the contig names for each
genome in the dataset. A python script (https://github.com/elizabethmcd/genomesMAGs-database/blob/master/scripts/genbank-parser.py) was modified to generate a tabdelimited file to define external gene calls from the genbank file from Prokka. The “anvigen-contigs-database” was used to generate the contig database for each genome by using
external gene calls file. The “anvi-run-ncbi-cogs” annotated genes by searching gene
sequences in the contig database against the Clusters of Orthologous Genes (COG)
database (Galperin et al., 2021) with Diamond (Buchfink et al., 2015). The “anvi-runhmms” stored hidden Markov model (HMM) hits in the contig database. The “anvi-gengenomes-storage” was used to create the genome storage for pangenome analysis. The
“anvi-pan-genome” created the pan-genome using Markov Cluster Algorithm (MCL)
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(Van Dongen and Abreu-Goodger, 2012) with parameters “--mcl-inflation 10 --use-ncbiblast --minbit 0.8” (mcl-inflation defines the sensitivity of MCL algorithm during the
identification of the gene clusters, minbit defines the minimum bit score ratio between the
two amino acid sequences). The “anvi-display-pan” was used to visualize the pangenome results in the anvi-interactive interface; the state of pan-genome display was
saved as “default” and the bins containing all core gene clusters (genes present in all the
genomes in the dataset) was saved as “core” collection. The “anvi-summarize” was used
to generate the HTML output for pan-genome results.
For the E. coli simulation datasets, the Anvi’o pan-genome analysis was also
performed by using the default gene prediction tool prodigal (Hyatt et al., 2010) instead
of the external gene calls extracted from Prokka (Seemann, 2014) to compare the effects
on core genome sizes caused by different gene prediction tools.

Different Parameters in Pan-genome Analysis
Two very important parameters in the pan-genome analysis were investigated: (i)
the sequence identity for clustering homologs (e.g., two genes have to be > 90% to be
clustered into the same homologous gene cluster) and (ii) the percentage of genomes to
be found for defining core genes (e.g., core genes have to be found in 100% of genomes).
The simulation datasets for E. coli and B. pertussis were used to evaluate the effects of
different parameter selection on pan-genome analysis results.
Different core gene thresholds were compared in the E. coli simulation datasets
when using Roary, BPGA, and Anvi’o (use the default prodigal) for pan-genome
analysis. The threshold was set as 100%, 99%, 98%, 95%, 92%, and 90% for

25
fragmentation and contamination dataset groups, and an additional two (88% and 85%)
were also used for incompleteness dataset groups. For B. pertussis, only fragmentation
and incompleteness datasets were used and only Roary was used for pan-genome analysis
with different core gene thresholds.
The sequence identity threshold for clustering was tested in the E. coli simulation
datasets when using Roary. The “-i” parameter was set as 95%, 90%, 85%, and 80%,
while the core gene threshold “-cd” was set as 100%, 99%, 95%, and 90%.

Downstream Analysis
Two important downstream analyses are often performed based on the pangenome results: (i) Clusters of Orthologous Genes (COG) functional analysis and (ii)
phylogenetic analysis. The simulation datasets for E. coli and B. pertussis were used to
test the effects on these two types of analysis.
(i) COG analysis.
The representative core/unique gene sequences in the pan-genome of each dataset
were extracted and used as queries to search against the COG Conserved Domain
Database (CDD) (Lu et al., 2020) using Reversed Position Specific Blast (RPS-Blast)
with option ‘-evalue 1E-5’. Genes having multiple non-overlapping domains were
assigned to different COG functional categories and were counted multiple times. The
number of core genes assigned to each COG functional category was calculated.
(ii) Phylogenetic tree comparison.
(a). The trees reconstructed using the presence and absence of accessory genes
were provided in Roary outputs (accessory_binary_genes.fa.newick). The roary_plots.py
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script (https://github.com/sanger-pathogens/Roary/tree/master/contrib/roary_plots) was
used to show the presence and absence matrix against a tree.
(b). The core gene nucleotide sequence alignment file (core_gene_alignment.aln)
provided in Roary outputs was used to construct the phylogenetic tree based on core
genes by using Fasttree v2.1 (Price et al., 2010) with “JCCAT” substitution model
(default).
To compare two trees and quantify the differences between them, the normalized
Robinson-Foulds symmetric distance (nRF) (Robinson and Foulds, 1981) is a popular
metric. The nRFs between the tree built from the original complete genomes and the tree
from simulated genomes were calculated by using ETE3 toolkit (Huerta-Cepas et al,
2016).
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CHAPTER IV

RESULTS

Literature Search and Summary: MAGs are increasingly used in the pan-genome
analysis in various ecological environments
The literature search in PubMed and Google Scholar found 18 and 404 papers
using MAGs in pan-genome analysis (see Methods), respectively. After manual curation,
40 papers met the filtering criteria. In the recent five years, there was an increasing trend
in using MAGs for pan-genome analysis in various research areas, especially in exploring
the microbiomes of human, ocean, and hydrothermal vent (Figure 2). The pan-genome
computational tools including Anvi’o (Eren et al., 2015), Roary (Page et al., 2015),
BPGA (Chaudhari et al., 2016), GET_HOMOLOGUES (Contreras-Moreira and Vinuesa,
2013), and OrthoMCL (Li et al., 2003) were used in these 40 studies (Appendix A).
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Figure 2. Summary of 40 publications that using MAGs for pan-genome analysis. a: the bar graphs for
publication years. b: the pie chart for metagenomes sources in publications. c: the bar graphs for pangenome computational tool usages. Multiple tools used in a study are separately counted (c).

General Characteristics of 17 Species: the 17 species are from 15 families of 3 phyla
and each species have more than 100 complete genomes sharing ANI > 95%
A total of 4,795 complete genomes from 17 species were downloaded. The 17
species belong to 15 taxonomic families of three phyla (Table 1): Proteobacteria (10
species), Firmicutes (5), and Actinobacteria (2). Three species, Escherichia coli,
Salmonella enterica, and Bordetella pertussis, have the largest numbers of complete
genomes in NCBI RefSeq database. The largest average genome size (6,175 genes) was
observed in Pseudomonas aeruginosa, while there was only an average of 1,546 genes
detected in Helicobacter pylori genomes (Table 1).

29
Table 1. Summary of 17 prokaryotic species. Pan-genome size and core genome size were calculated
using Roary. Core genes were counted as the genes that are present in all the complete genomes in a
species. The  values were calculated by using Heaps’ law model.

Species

Number of
Complete
Genomes
in NCBI
RefSeq

Family

Phylum

Genome
Size
(Average #
Genes)

ANI
(%)

Pan-genome
Size
(# Gene
Families)

1

Escherichia coli

923

Enterobacteriaceae

Proteobacteria

4873

97.78

33123

1486

0.3170

2

Salmonella enterica

746

Enterobacteriaceae

Proteobacteria

4577

98.38

27085

1877

0.3182

3

Bordetella pertussis

539

Alcaligenaceae

Proteobacteria

3901

99.98

4115

2960

0.0357

4

Staphylococcus aureus

443

Staphylococcaceae

Firmicutes

2639

98.43

6177

1710

0.1503

5

Klebsiella pneumoniae

372

Enterobacteriaceae

Proteobacteria

5320

99.04

22106

2741

0.2739

6

Pseudomonas aeruginosa

196

Pseudomonadaceae

Proteobacteria

6175

98.90

19637

3734

0.2669

7

Streptococcus pyogenes

195

Streptococcaceae

Firmicutes

1758

98.77

3959

1267

0.1667

8

Listeria monocytogenes

180

Listeriaceae

Firmicutes

2909

96.96

6109

2098

0.1515

176

Mycobacteriaceae

Actinobacteria

4067

99.92

4449

3429

0.0316

#

9

Mycobacterium
tuberculosis

Core Genome
γ value
Size (# Gene
(Heap's law*)
Families)

10

Campylobacter jejuni

171

Campylobacteraceae

Proteobacteria

1746

97.81

4027

1204

0.1865

11

Helicobacter pylori

166

Helicobacteraceae

Proteobacteria

1545

95.25

3755

1143

0.2192

161

Moraxellaceae

Proteobacteria

3813

98.28

12426

2132

0.2649

12 Acinetobacter baumannii
13

Enterococcus faecium

115

Enterococcaceae

Firmicutes

2937

98.39

7652

1608

0.2226

14

Neisseria meningitidis

106

Neisseriaceae

Proteobacteria

2042

98.20

3347

1414

0.1285

15

Bacillus subtilis

102

Bacillaceae

Firmicutes

4178

98.44

8987

3063

0.1901

101

Burkholderiaceae

Proteobacteria

5918

99.41

12941

4663

0.2072

100

Corynebacteriaceae

Actinobacteria

2127

99.35

2449

1887

0.0370

16 Burkholderia pseudomallei
17

Corynebacterium
pseudotuberculosis

The number of chromosomes and plasmids in species complete genomes were
shown in Table 2. Except for Burkholderia pseudomallei, all species contained only one
main chromosome. The average number of plasmids was greater than 1 in four species
(green shading in Table 2), where some genomes even contained 11 or 12 plasmids.
Some species (grey shading in Table 2) had fewer numbers of plasmids, while four
species (blue shading in Table 2) had no plasmid at all.
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Table 2. The number of chromosomes and plasmids in species complete genomes. “Chr” represents
chromosome, and “Plas” represents plasmid. “Avg”, “Max” and “Min” represent the average, maximum
and minimum value, representatively.

Species

Avg#Chr

Max#Chr

Min#Chr

Avg#Plas

Max#Plas

Min#Plas

Enterococcus faecium

1

1

1

4.03

11

0

Klebsiella pneumoniae

1

1

1

3.23

10

0

Escherichia coli

1

1

1

1.89

12

0

Acinetobacter baumannii

1

1

1

1.44

8

0

Burkholderia pseudomallei

2

2

2

0.01

1

0

Salmonella enterica

1

1

1

0.91

7

0

Staphylococcus aureus

1

1

1

0.75

4

0

Bacillus subtilis

1

1

1

0.3

3

0

Campylobacter jejuni

1

1

1

0.23

2

0

Listeria monocytogenes

1

1

1

0.23

5

0

Helicobacter pylori

1

1

1

0.18

2

0

Pseudomonas aeruginosa

1

1

1

0.17

3

0

Streptococcus pyogenes

1

1

1

0.03

3

0

Bordetella pertussis

1

1

1

0

0

0

Corynebacterium pseudotuberculosis

1

1

1

0

0

0

Mycobacterium tuberculosis

1

1

1

0

0

0

Neisseria meningitidis

1

1

1

0

0

0

The average ANI value of 17 species was recorded in Table 1, and ANI value
distribution of genomes in each species was shown in Figure 3a. Species like B. pertussis
B. pseudomallei, and M. tuberculosis had average ANI values > 99%, while L.
monocytogenes and H. pylori had average ANI values <97%. Although average ANI
values >98% were observed in S. enterica and E. faecium, some genomes in these species
only had pairwise ANI values around 95%, indicating less similarity between genomes.
The phylogenetic relationship of the 17 species predicted using maximum
likelihood was shown in Figure 3b. In most of the clades, the bootstrap values were 100,
indicating high confidence in the phylogenetic species clustering. However, low
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bootstrap values were observed when determining the relationship among Listeria
monocytogenes, Staphylococcus aureus, and Bacillus subtilis.

Figure 3. The ANI values and phylogenetic tree for 17 species. a: The boxplots of ANI values for all
complete genomes in species. Numbers next to the box represent the average ANI for species. b: The
phylogenetic tree generated for 17 species representative genomes. Numbers below branches are bootstrap
values provided as a percentage over 100 replications.
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Species Pan-genome Composition Structure: species with larger number genomes
tend to have larger pan-genomes (mostly unique genes)
The pan-genome was built for each species dataset using Roary 3.13.0 with the
strictest core gene threshold (genes that were shared by all the genomes in the dataset).
All the complete genomes in a species were used as the species dataset. Pan-genome and
core genome sizes of species were listed in Table 1. The pan-genome size significantly
varied among the 17 species. E. coli, S. enterica and K. pneumoniae all belong to
Enterobacteriaceae family, and they had large pan-genomes containing > 22,000 gene
clusters. In contrast, C. pseudotuberculosis and N. meningitidis only had <3,400 gene
clusters in their pan-genomes. Clearly the number of genomes used in pan-genome
construction influence the pan-genome size for a species. There was a positive correlation
between the number of genomes and the pan-genome size among different species
(Pearson correlation coefficient R = 0.71, p = 0.0013). There were exceptions when
comparing some species. For example, while 101 genomes were used to calculate the
pan-genome of B. pseudomallei, and 12,941 gene families were identified, only 6,177
gene families were found in 443 S. aureus genomes. Moreover, the species pan-genome
size was positively correlated with the average genome size (R = 0.72, p = 0.0012).
The pan-genome composition for each species was shown in Figure 4.
Obviously, some species tend to have more unique genes, while others have more core
genes. A large proportion of cloud genes (genes shared in fewer than 15% genomes in the
dataset) were observed in the pan-genome of E. coli and S. enterica, whereas the pangenome of B. pertussis consisted of >70% (2960/4115) core genes. Campylobacter
jejuni and S. pyogenes showed similar pan-genome composition, and their pan-genome
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sizes were ~4000 gene families which contain ~1000 core gene families. Similar pangenome sizes were found in B. pseudomallei and A. baumannii; however, the core gene
size in the former was about twice as large than that in the latter.

Figure 4. The Pan-genome composition structure of 17 species constructed by using Roary. The n
beside each bar represents the number of complete genomes used for building species pan-genome. Core
genes that are found in all the genomes are shown in purple. Soft core genes that are present in at least 95%
but not all of the genomes are shown in cyan. Shell genes that can be observed in more than 15% but fewer
than 95% of the total genomes are shown in green. Cloud genes that are only present in fewer than 15% of
the total genomes are shown in red.

The Heaps’ law model was used to calculate the exponent γ value for each species
to predict the openness and closeness of the pan-genome (Table 1). If γ >0, the size of
the pan-genome would increase with the addition of newly sequenced genomes, and the
pan-genome was identified as open; otherwise, the pan-genome was identified as closed
(Tettelin et al., 2008). All 17 species had positive γ values, indicating their open pan-
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genomes. The two largest γ values, 0.3182 and 0.3170, were found in the pan-genomes of
S. enterica and E. coli, respectively. On the other hand, three species (B. pertussis, M.
tuberculosis, and C. pseudotuberculosis) only had γ values at ~0.03, which was close to
0. The lower γ values reflected that their pan-genomes were near to be closed.

Statistical Analysis of MAGs: the observed distribution of three metrics is used to
guide the creation of simulated MAGs from complete genomes
All MAGs (N=276,349) in Unified Human Gastrointestinal Genome (UHGG)
collection (Almeida et al., 2021) were used to determine the distribution of contig
fragment number, completeness, and contamination in real MAGs (Figure 5). Overall,
the number of fragments in 276,349 MAGs varied from 1 to 2282 with a mean = 208.
The MAG completeness was distributed between 50% and 100% with a mean = 85.18%,
while the contamination varied from 0% to 5% with a mean = 1.2%.
The 276,349 UHGG MAGs were assigned to 3,751 species by EBI, which include
8 of the 17 species we collected from the RefSeq database for complete isolate pangenome analysis (Figure 4). When looking at MAGs of 5 species (each species has more
than 50 genomes in UHGG MAGs), they all had different distributions (Figure 6), but
these were all skewed distributions. Therefore, F distribution (a theoretical distribution in
Statistics often used to model skewed distributions) was applied to generate random
number sets to simulate the distribution of fragment numbers, completeness, and
contamination by adjusting the parameters d1 and d2.
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Figure 5. Histogram of MAG statistical analysis. The distribution of contig numbers (a), completeness
percentage (b), and contamination rates (c) in 276,349 MAGs. All the MAGs are extracted from UHGG
built by Almeida et al. Histogram a and c show a skewed distribution to the right, while histogram b shows
a skewed distribution to the left.
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Figure 6. The density plots of UHGG MAG statistical analysis for five species. EC represents
Escherichia coli (n=4391), EF represents Enterococcus faecium (n=333), KP represents Klebsiella
pneumoniae (n=641), PA represents Pseudomonas aeruginosa (n=63), and SA represents Staphylococcus
aureus (n=57).
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More Fragmented genomes Led to More Core Gene Loss
We have created simulated MAGs from the RefSeq complete genomes following
the F distribution of the three metrics (see Methodology). For each of the 17 selected
species (Table 1), 100 complete genomes were randomly selected as the original genome
dataset, and each genome is randomly fragmented. If we intend to have the 100 complete
genomes cut into an average of 50 fragments, 50 is the mean value, which is used to
generate a set of 100 numbers with a mean = 50 following an F distribution. The 100
numbers are randomly assigned to the 100 original genomes as the number of fragments
that need to be generated for the resulting fragmented genomes (i.e., simulated MAGs).
and then used to make the random cuts in the 100 original genomes. The original 100
genomes and the simulated MAGs were subjected to pan-genome analyses separately,
and the results were compared to evaluate the effect of fragmentation on pan-genome
analysis.
E cherichia coli has an open pan-genome, while B. pertussis has closed pangenome. Therefore, they were selected as representative species to show the comparison
results between original genomes and fragmented genomes. Figure 7a shows that the
number of the core gene families significantly decreased with the increasing number of
fragments in E. coli. There were more than 2,600 core gene families in the original
dataset; however, only 491 gene families were shared by all the genomes when the 100 E.
coli genomes had an average of 400 fragments. Similar core gene loss results were
observed in B. pertussis. As shown in Figure 7b, more than 75% of core gene families in
B. pertussis original genomes were lost due to 400 average fragments in genomes.
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Figure 7. Core genome sizes decrease in Escherichia coli and Bordetella pertussis genomes. a&b: The
curve of core genome sizes in 100 E. coli genomes (a) and 100 B. pertussis genomes (b) predicted as a
function of the average number of fragments in species genomes. c&d: The curve of core genome sizes in
100 E. coli genomes (c) and 100 B. pertussis genomes (d) predicted as a function of the average
incompleteness in species genomes. Black dots represent the actual number of core gene families in 100
genomes with the varying average number of fragments or average incompleteness. Red curves are
predicted by using the exponential model. The equation for the species exponential curve is shown in black
font. R2 and P-value of the predicted curve are shown in blue and red font, respectively.

Given fragmentation, the reduction of core genome sizes was also observed in
other 15 species (Figure 8). For instance, the number of the core gene families dropped
from ~4600 to <1900 in B. pseudomallei. A greater number of core gene families were
lost during genome fragmentation in species having larger core genome size in the
original genomes. In comparison, species like E. faecium had a smaller size core genome
before fragmentation, the number of core gene families was <500 after an average of 400
fragments in genomes. Varying loss of core genome was observed in different species.
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The exponential model was used to quantitatively evaluate the degree of core genome
loss in species (Figure 7 a, b and Figure 8):
𝑦 = 𝑒 (𝑎𝑥+𝑏) ,
where y was the number of the core gene families in the pan-genome and x represented
the average number of fragments in genomes used to build the pan-genome. The
parameter a and b were used to show how the core genome size would change with the
average number of fragments in genomes.

Figure 8. Fragmentation effects on the number of core gene families. The curve of the number of core
gene families in 100 genomes of each species predicted as a function of the average number of fragments in
species genomes. The dots in each species plot represent the actual number of core gene families in 100
genomes with the varying average number of fragments. The curves are predicted by using the exponential
model. The equation for the species curve is shown in black font.
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The fitted curves of all species have an adjusted R >0.99 with P-values < 0.0001
(Table 3A). The fitted curves could be applied well to predict the number of core genes
under a specific average number of fragments in 100 genomes. Species like B.
pseudomallei and P. aeruginosa had parameter |a| < 0.0025 and parameter b > 8.2. In
contrast, the parameter |a| > 0.009 and parameter b ~ 7.0 were found in H. pylori and C.
jejuni. In general, species with a large number of core gene families in the original
genomes have smaller |a| and larger b.

Table 3. The exponential equation table for 17 species. Adjusted R2 and P-values for each species in
fragmentation (A) and incompleteness (B) simulation.

More Incompleteness Genomes Had More Core Gene Loss
The incompleteness simulation was performed based on genome datasets after
fragmentation, i.e., applying the fragmentation on the 100 original genomes (on average
100 fragments per genome) and then applying the incompleteness. The number of core
gene families significantly changed due to the loss of average completeness in E. coli and
B. pertussis genomes (Figure 7 c, d). Only 36% (616/1,714 in E. coli and 757/2,104 in B.
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pertussis) core gene families were retained in these two species when an average of 1%
genome sequences was removed from each of the genomes. Similar results were
observed in all other species regardless of their original core gene sizes (Figure 9). When
average incompleteness in genomes was 1%, the core genome size in B. pseudomallei
dramatically changed from >3,600 to <1,500. Likewise, more than 500 gene families in
~800 core gene families in S. aureus were missed. Overall, only 1% loss in average
completeness, from 100% to 99%, would lead to > 60% loss of core gene families in
most species. Species had larger core genomes were more affected than those with
smaller core genomes in the original genomes.
All the species would have their core genome size smaller than 50 and even near
0 when the average incompleteness reaching 5% (Figure 7 c, d, and Figure 9). That
means only a 5% loss in genome completeness would almost lead to the loss of all core
genes. Compared to the influence from fragmentation, the incompleteness had more
significant effects on the core genome size.
The exponential model was applied to perform curve fitting to show the
relationship between the number of core gene families and the average incompleteness in
genomes (Figure 7 c, d, and Figure 9). Here, x was the average incompleteness in
genomes. Most of the fitted curves had adjusted R2 >0.98 and p-values < 0.0001 (Table
3B), however, the curve of E. faecium had a lower adjusted R2 (~0.94) than other species,
indicating the curve was less fitted. The fitted curves may be applied well to predict the
number of core genes under specific average incompleteness in genomes.
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Figure 9. Incompleteness effects on the number of core gene families. The curve of the number of core
gene families in 100 genomes of each species predicted as a function of the average incompleteness (%) in
species genomes. The dots in each species plot represent the actual number of core gene families in 100
genomes with varying average incompleteness. The curves are predicted by using the exponential model.
The equation for the species curve is shown in black font.

Contamination is not supposed to lead to Core Gene loss but in Roary result it is
The contamination simulation was performed based on genome datasets after
fragmentation and incompleteness, i.e., applying the contamination on the 100
fragmented and incomplete genomes (on average 100 fragments per genome, and average
1% incompleteness) and then applying the contamination. In binning metagenome
contigs based on sequence compositions to form MAGs, the contamination is most likely
from closely related genomes (e.g., strains of the same species or genus) as they are more
likely to have very similar sequence compositions. Therefore, intra- and inter-species
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contamination were added to fragmented and incomplete genomes (See methodology
about contamination). The number of core gene families slightly changed with increasing
average intraspecies contamination in genomes (Figure 10). Unlike the large changes
caused by fragmentation and completeness, only seven species (B. pertussis, B.
pseudomallei, E. coli, K. pneumoniae, M. tuberculosis, P. aeruginosa, and S. enterica)
were influenced by contaminants with a small change of core genome size. About 500
core gene families were lost in each of the seven species due to an average of 4%
contamination. However, in other species, only a slight decrease was observed when the
average contamination increased from 0.5% to 4%. This slight decrease was not even
noticeable in four species including C. jejuni, H. pylori, N. meningitidis, and S. pyogenes.
Intuitively, unlike fragmentation and incompleteness, contamination will add
additional genes into the pan-genome. If the core gene families decreased, other types of
genes will increase. Indeed, for most species, the number of cloud genes (a term used in
Roary: genes that are shared by <15% genomes in the dataset) increased constantly when
more and more contamination was introduced (Figure 10). The most dramatic change
was observed in B. pseudomallei, whose core genes were also most influenced by
contamination. There was about an average of 250 gene additions in the number of cloud
gene families for each 0.5% contamination in B. pseudomallei. However, the cloud gene
families in the four species that have almost constant core genome sizes were less
influenced by the contamination. The near-horizontal lines with few fluctuations were
seen in these four species (Figure 10), indicating the negligible changes in the cloud
genome sizes. Clearly, the drop of core genome size due to contamination is correlated
with the rise of the variable genome size.
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Figure 10. Intraspecies contamination effects on the number of core and cloud gene families. The
number of core gene families (colorful, left y-axis) and cloud gene families (black, right y-axis) in 100
genomes of each species changed with average intraspecies contamination (%) added in species genomes.

In addition to intraspecies contamination, to determine the effect of interspecies
contamination on the number of core and cloud gene families, four species (B.
pseudomallei, B. subtilis, K. pneumoniae, and S. pyogenes) were selected as
representative species based on their result in previous intraspecies contamination shown
in Figure 10. Genomes from different species but within the same genus were collected
as interspecies contamination (see details in methodology). Unlike intraspecies
contamination, when interspecies contamination was introduced, the number of core gene
families changed only slightly, whereas the number of cloud gene families increased
significantly (Figure 11). The cloud genome sizes in B. pseudomallei and B. subtilis
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dramatically increased when the average interspecies contamination changed from 0% to
4%, however, the core genome size was almost constant. Fewer differences in the size of
core and cloud genomes caused by intra- and inter-species contamination were observed
in K. pneumoniae. Although core genome size in S. pyogenes was almost the same when
adding intra- and inter-species contaminants, the cloud genome size increased with more
interspecies contaminants. Since a fewer reduction in species core genome sizes was
observed when adding interspecies contamination than intraspecies contamination, the
core genome size estimation would be slightly affected by genomic sequences from more
distantly related species. However, the results suggested that interspecies contamination
increased the number of cloud gene clusters in species, which may lead to possible
overestimation in pan-genome size. The smaller decrease in core genes but higher
increase in cloud genes from inter-species than intra-species contamination is likely
because the lower sequence similarity from inter-species homologs is more likely to put
newly added genes from different species to cloud genes.
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Figure 11. Interspecies and intraspecies contamination comparison. The number of core gene families
(a) and cloud gene families (b) in 100 genomes of four species changed with average intraspecies or
interspecies contamination (%) added in species genomes. Group labeled as genus represents the
interspecies contamination from other species in the same genus, and group labeled as species represents
the intraspecies contamination from different strains in the species dataset.

The core gene loss remains when different sets of random genomes are used
So far, we have only used one dataset of 100 random-selected complete genomes
to generate simulated datasets (fragmented, incomplete, and contaminated datasets) for
each species. Clearly, choosing which 100 complete genomes to use as the starting point
for simulation may affect the simulated datasets and pan-genome analysis results. To
assess this effect, we have used 4 species that have more than 200 complete genomes in
their corresponding species datasets (E. coli, B. pertussis, S. aureus and K. pneumoniae)
to generate multiple datasets of 100 random-selected complete genomes for each species,
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and repeated the simulations and pan-genome analysis on each of the datasets. Figure
12a shows the variations in the number of core gene families among 50 E. coli datasets
(each with 100 random-selected complete genomes and their simulated genomes) during
the simulation process. The median and mean values for core genome size in 100
complete E. coli genomes in 50 datasets were 2588 and 2577, with the standard deviation
at 112.89. There was an average of >400 core gene family loss due to 50 fragmentation,
and another average of >1300 core gene family loss due to 1% loss in genome
completeness. On average, about 200 gene reductions in core genome size were noticed
after adding 2% contamination. These findings were consistent with the results in one E.
coli dataset randomly selected from E. coli species dataset. During three steps of
simulation, the standard deviation among 50 datasets decreased from 112.89 in original
datasets to 37.51 in contamination datasets, indicating reduced variations among datasets
during simulation. Overall, the decrease of core gene families in simulated genomes is
independent of which 100 random genomes were selected.
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Figure 12. Pan-genome analysis for multiple random simulation datasets. Violin plots of the number of
core gene families calculated by Roary in 50 E. coli datasets (a), 30 S. aureus datasets (b), 30 B. pertussis
datasets (c), and 30 K. pneumoniae datasets (d). Groups: “ori” represents the original dataset containing
100 genomes randomly selected from E. coli complete genomes (species dataset); “50cut” or “100cut”
represents that all genomes in a dataset have an average of 50/100 fragments; “50cut+99comp” or
“100cut+99comp” means that genomes in a dataset have an average of 99% completeness based on 50 or
100 fragmentation; “50cut+99comp+2.0cont” or “100cut+99comp+2.0cont” represent that genomes in a
dataset have an average of 2.0% intraspecies contamination based on 50 or 100 fragmentation and 99%
incompleteness.

Compared to the largest E. coli species dataset (923 genomes), smaller species
datasets were used for B. pertussis (539 genomes), S. aureus (443 genomes), and K.
pneumoniae (372 genomes). Thirty datasets (each with 100 random-selected complete
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genomes and their simulated genomes) were used to test the variations among datasets.
The core genome size variations within different simulation groups in three species were
shown in Figure 12 b, c, d. S. aureus had the smallest standard deviations among 30
datasets during the simulation process, indicating more conserved core genes in species
and few effects caused by random selection (Figure 12b). In contrast, B. pertussis and K.
pneumoniae had larger standard deviations in each simulation group, indicating larger
variations in genomic contents among species genomes (Figure 13 c, d). In K.
pneumoniae, the group mean value was always higher than the group median value,
whereas the reverse results were observed in B. pertussis. It remains true that in all these
species, the decrease of core gene families in simulated genomes is independent of which
100 random genomes were selected. Therefore, irrespective of what species and what
genomes are used, pan-genome analysis using genomes with fragmentation,
incompleteness, and contamination (i.e., features of MAGs) will suffer from a significant
loss of core gene families.

The core gene loss remains when different pan-genome analysis tools were used
To determine whether the core gene loss was due to the use of Roary for pangenomic analysis, we have repeated all the analyses using two other popular tools:
Bacterial Pan Genome Analysis tool (BPGA) (Chaudhari et al., 2016) and Anvi’o (Eren
et al., 2015). Ten datasets were selected from 50 E. coli datasets and 30 B. pertussis
datasets to run BPGA and Anvi’o. The original, fragmentation, incompleteness, and
contamination simulation groups were used. The number of core gene families in 10 E.
coli datasets in each test group were shown in Figure 13a. The overall results given by
the three tools were consistent in most of the groups except the contamination group
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(Figure 13a). The core genome loss caused by fragmentation and completeness loss can
be observed from results given by three pan-genomic tools. The number of core gene
clusters classified by Roary and Anvi’o were a little higher than that identified in BPGA,
which may be caused by the different clustering algorithms used in the tools. However,
compared to the core genome size reduction given by Roary in contamination groups, the
number of core gene families was increased slightly in the results given by BPGA and
Anvi’o when an average of 2% contamination was added to genomes. Similar results
were observed in B. pertussis (Figure 13b). Since no core genes were removed from
genomes in contamination simulation, the core genome size was not expected to be
reduced. The core genome size reduction in the contamination group indicated possible
bias in the gene clustering of Roary.

Figure 13. Pan-genome analysis by using different tools. Boxplots of the number of core gene families
calculated by Anvi’o (red), Roary (green), and BPGA (blue) in10 E. coli datasets (a) and B. pertussis
datasets (b). See legend in Figure 12.

To further look into the reduction of core genes by Roary before and after 2%
contamination was introduced, we have compared the two core gene sets. The result
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indicated that some genes identified as core genes before contamination were
misclassified into soft core genes (genes present in at least 95% but not all of the
genomes) after contamination. In other words, in some genomes their core genes were
clustered with other genes with high sequence identity to form a new gene family,
leading to the loss of some core gene families (Appendix B). As shown below, changing
the core gene threshold (i.e., lower the percentage of genomes that need to contain the
gene to below 100%) helps address this issue.

The core gene loss can be partially alleviated by lowering the core gene threshold
used in pan-genome analysis
The core genes are defined as genes found in all (100%) or a majority (e.g., 99%)
of the studied genomes. Therefore, two parameters are critically important for the
definition of core genes in pan-genome analysis: (i) in what percentage of genomes the
core gene is found (e.g., 100% vs 99%); (ii) in searching each genome for the core gene
what is the sequence identity (e.g., 95% vs 90%) used to call a presence. In all the above
analyses, the core gene (CG) threshold was 100% and the sequence identity (SI)
threshold was 90%. To determine the two parameters’ impacts on pan-genome results,
different CG thresholds and different SI thresholds were used to repeat all pan-genome
analyses. For an E. coli dataset, the CG threshold varying from 100% to 85% were tested
in different simulation groups by using Roary with a 90% SI threshold (Figure 14 a, b,
c). In E. coli fragmentation groups shown in Figure 14a, a decreasing core genome size
was observed with an increasing fragmentation when using core gene threshold 100%,

52
99%, and 98%. However, when using core gene threshold <=95%, the loss of core gene
families caused by fragmentation was negligible.
In contrast, the effect of incompleteness is much larger than fragmentation. When
using core gene threshold>=90%, a notable reduction in core genome size was observed
in genomes with an average of 5% incompleteness (Figure 14b). When using core gene
threshold even as low as 85% for genomes with average incompleteness >10% (the
MIMAG recommended lowest incompleteness for high-quality MAGs), the core gene
loss caused by incompleteness was still a problem. Similar results were also observed in
B. pertussis fragmentation and incompleteness datasets (Figure 15). In contrast,
contamination caused the smallest change in the core genome size irrespective of what
core gene threshold is used (Figure 14c). All these suggest that incompleteness (or
missing genes in MAGs) will significantly reduce the number of core genome size, and
choosing a more relaxed CG threshold (e.g., > 90%) will help only a little and only when
the incompleteness is less than 5%.
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Figure 14. Different core gene thresholds in Roary influence the E. coli core genome. Line plots of the
number of core gene families in E. coli datasets with different fragmentation (a), incompleteness (b), and
intraspecies contamination(c) when using core gene threshold between 100% and 85%. Incompleteness
groups simulated based on 100 fragmentation, and intraspecies contamination groups simulated from
datasets having 100 fragmentation and 99% completeness. d: Boxplots of the number of core gene families
in an E. coli original dataset and 5 E. coli simulation datasets with 100 fragmentation or 99%completeness
or 2.0% contamination. Different colors represent different core gene thresholds. The numbers in “ori”
group are core gene sizes in the original dataset. The number in “100cut”, “99comp” and “2.0cont” groups
are average core gene sizes for 5 simulation datasets.
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Figure 15. Different core gene thresholds in Roary influence the B. pertussis core genome. The line
plots of the number of core gene families in B. pertussis datasets with different fragmentation (a), and
incompleteness (b) when using core gene threshold between 100% and 85%. See legend in Figure 14.

We have also tested different core gene thresholds using 5 E. coli simulation
datasets (an original dataset with 100 random-selected complete genomes and 5 times of
simulation). The finding again revealed that the lower the core gene threshold was used,
the closer the core gene size to that of the original genomes (Figure 14d). Overall, when
using Roary for pan-genome analysis, the different core gene thresholds had significant
effects on the number of core gene families in genomes having varying fragmentation
and completeness.
The observations made in Roary were also true for BPGA (Figure 16 a, b). The
core gene loss alleviation due to the core gene threshold was also observed in Anvi’o
(Figure 16d). However, the core gene thresholds in Anvi’o had little effect on the
number of core genes when increasing fragments in E. coli genomes (Figure 16c). It
should be mentioned that Prodigal was used as the default gene annotation tool in Anvi’o,
and the parameter differences between Prodigal in Anvi’o and Prokka (also calls Prodigal
for gene prediction) used for BPGA and Roary may be different. Indeed, we noticed that
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in Anvi’o the Prodigal gene prediction is run in metagenome mode, while in Prokka
Prodigal gene prediction is run in normal mode (i.e., does not work for fragmented
genes). This may explain why in Anvi’o, fragmentation had little effect on core gene loss.

Figure 16. Different core gene thresholds in BPGA and Anvi’o influence the E. coli core genome.
a&b: Line plots of the number of core gene families in E. coli datasets with different fragmentation (a),
and incompleteness (b) when using core gene threshold between 100% and 85% in BPGA. c&d: Line plots
of the number of core gene families in E. coli datasets with different fragmentation (c), and incompleteness
(d) when using different core gene thresholds in Anvi’o.

Compared to the core gene threshold, the sequence identity threshold had very
little effect on the core gene loss alleviation. Although various shapes of lines were
observed from four figures shown in Figure 17, the lines representing different sequence
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identities were overlapped irrespective of what core gene threshold was used (e.g., 100%
core gene threshold in Figure 17a).

Figure 17. Different gene clustering identities in Roary. Line plots of the number of core gene families
in E. coli datasets with different incompleteness percentages when using different clustering identities. The
core gene (CG) threshold used is 100% (a), 99%(b), 95% (c) and 90% (d). Different colors represent the
minimum identity percentage for gene clustering.

To conclude, the core gene threshold is a very important parameter. Choosing a
more relaxed core gene threshold can help alleviate the core gene loss caused by genome
fragmentation and incompleteness.
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The decrease of core genes also leads to underestimation in core gene functional
analysis
In pan-genome analysis, after the core and variable genes are identified,
downstream analyses are often performed on these genes to better understand the
evolution of different genomes and functions of different genes. Given that the core
genome size is inevitably decreased in the pan-genome analysis of MAGs, there was
some potential underestimation in the COG functional predictions for core genomes.
When using the 100% core gene threshold, the number of core genes assigned to COG
categories was dramatically decreased with increasing fragmentation or incompleteness.
The number of core gene representatives in different E. coli pan-genome assigned to
different COG categories were shown in Figure 18. Three COG categories ([E] Amino
acid transport and metabolism, [G] Carbohydrate transport and metabolism, [J]
Translation, ribosomal structure and biogenesis) were the most abundant in E. coli
original core genomes. These COG categories were significantly changed with
fragmentation, especially in genomes with more than 300 and 400 fragments (Figure
18a). Additionally, more than half of the core gene representatives were lost in each COG
category when genomes have an average of 1% completeness loss (Figure 18b). Genes
in some COG categories were completely lost when genomes had an average of 5% or
4% incompleteness. A similar observation was also made in B. pertussis (Figure 19 a, b).
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Figure 18. The COG analysis for core and unique gene representatives in E. coli. The bar plots of the
number of core gene representatives in E. coli datasets with different fragmentation (a) and incompleteness
(b) in each COG category. The bar plot of the number of unique gene representatives in E. coli datasets
with different fragmentation (c), incompleteness (d), or intraspecies contamination (e) in each COG
category. COG categories: A: RNA processing and modification, C: Energy production and conversion,
D: Cell cycle control and mitosis, E: Amino Acid metabolism and transport, F: Nucleotide metabolism and
transport, G: Carbohydrate metabolism and transport, H: Coenzyme metabolism, I: Lipid metabolism, J:
Translation, K: Transcription, L: Replication and repair, M: Cell wall/membrane/envelop biogenesis, N:
Cell motility, O: Post-translational modification, protein turnover, chaperone functions, P: Inorganic ion
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transport and metabolism, Q: Secondary Structure, R: General Functional Prediction only, S: Function
Unknown, T: Signal Transduction; U: Intracellular, trafficking and secretion, V: Defense mechanisms, W:
Extracellular structures, X: Mobilome: prophages, transposons, Z: Cytoskeleton.

Compared to the core gene representatives, the number of E. coli unique gene (gene only
found in 1 genome in the dataset) representatives in COG categories were slightly
affected by fragmentation and incompleteness but changed by increasing intraspecies
contamination (Figure 18 c, d, e). The addition of genomic contaminants from other
strains may confound the overall functional prediction for unique genes. However, only
27%~33% of the unique gene representatives were associated with COG categories, the
functions of a large proportion of unique genes are still unknown.

Figure 19. The COG analysis for core gene representatives in B. pertussis. The bar plots of the number
of core gene representatives in B. pertussis datasets with different fragmentation (a) and incompleteness (b)
in each COG category. See COG details in Figure 18.

Compared with using the 100% core gene threshold (Figure 18 a, b), more core
genes will be kept when using a lower core gene threshold. Therefore, as expected, fewer
decreases on core genome functional predictions caused by fragmentation were observed
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when using the core gene threshold at 99%, 98% and 95% (Figure 20 a, c, e). When
using 95% core gene threshold, few changes in the number of core gene representatives

Figure 20. Core gene thresholds influence COG analysis in E. coli core genome. Bar plots of the
number of core gene representatives in E. coli datasets with different fragmentation (left) and
incompleteness (right) in each COG category. The core gene threshold 99% (a b), 98% (c d) and 95% (e f)
are used.
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in each COG category were due to the increasing fragments in genomes (Figure 20e).
Similarly, fewer decreases on core genome functional predictions caused by
incompleteness were observed with COG functions if a lower core gene threshold was
used (Figure 20 b, d, f). Although the lower core gene threshold helped maintain more
COG function predictions, the underestimation caused by fragmentation or
incompleteness could not be eliminated. Even worse, the inclusion of non-core genes
may lead to other misprediction in further analysis.

Phylogenetic trees are also affected by fragmentation, incompleteness, and
contamination
From the pan-genome analysis result, a gene presence and absence matrix can be
derived, which has rows representing all the genomes and columns representing the
different gene clusters (or gene families), From this gene presence and absence matrix, a
phylogenetic tree can be constructed to depict the evolutionary relationship among all the
studied genomes in the pan-genome analysis. When the genomes were fragmented,
incomplete and contaminated, the gene presence and absence matrix will likely change,
and the phylogenetic tree will change as well. The tree of 100 original E. coli genomes
(Figure 21a) was built by using the matrix of 17,961 gene clusters. A large dark blue
area shown in the red frame represented core gene clusters. However, a dramatic
shrinkage in the core gene area was observed in Figure 21b (simulated genomes with
100 fragments and 1% incompleteness). The white dots representing gene absence were
evenly distributed in the accessory gene area in the green frame, indicating the gene loss
in all the genomes. The overall tree topology changed a lot after 100 fragmentation and
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99% completeness simulation, while some clades (e.g., the blue and purple ones in
Figure 21) were more conserved than others.

63
Figure 21. Phylogenetic trees of 100 E. coli genomes constructed by using Roary pan-genome results.
a: The tree and Roary matrix for 100 original E. coli genomes. b: The tree and Roary matrix for 100 E. coli
genomes with an average of 100 fragments and 99% completeness. Each row corresponds to a branch on
the tree and represents one genome. Each column represents an orthologous gene family/cluster. White
indicates gene absence and blue indicates gene presence in the gene cluster matrix.

Figure 22. The nRF distance values between phylogenetic trees in five E. coli simulation datasets. The
boxplots for nRF distance values between trees constructed for E. coli datasets with different fragmentation
(a), incompleteness (b), and intraspecies contamination (c).

To more quantitively measure the difference between the trees before and after,
Normalized Robinson-Foulds (nRF) distance was used. In five E. coli datasets, the nRF
distance (Robinson and Foulds, 1981) between two phylogenetic trees increased
continuously with more incompleteness in genomes, while nRF values slightly fluctuated
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between 0.2 and 0.4 in fragmentation and contamination groups (Figure 22). Clearly, the
loss of completeness had more effects on the phylogenetic analysis than fragmentation
and contamination. Notable variations among datasets were found in some simulation
groups (e.g. 3% incompleteness group in Figure 22b and 1% intraspecies contamination
groups in Figure 22c). This might be caused by the very small number (5) of datasets
used in this analysis.
A similar observation was made in the other two species, S. aureus and B.
pseudomallei (Figure 23). The nRF distance values varied between 0 and 0.45 among 10
S. aureus datasets in different simulation groups (Figure 23a), however, the nRF distance
values were larger than 0.9 in all the B. pseudomallei datasets (Figure 23b). The large
nRF values indicated significant differences between phylogenetic trees constructed for
complete genomes and simulated genomes, meaning likely impacts on the phylogeny
study of B. pseudomallei when using MAGs with fragmentation, incompleteness, and
contamination. The findings pointed out that the effects on phylogenetic analysis caused
by the nature of MAGs may be different in different species.

Figure 23. The nRF distance values in two species simulation datasets. Boxplots of the nRF distance
values between trees in the simulation group and the original tree in S. aureus (a) and B. pseudomallei (b).
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Simulation groups: 100cut represents an average of 100 fragments in genomes, 99comp represents an
average of 99% completeness in genomes with 100cut, 2.0cont represents the genomes in datasets contain
an average of 100 fragments, 99% completeness, and 2% intraspecies contamination. for each species, ten
simulation datasets were used in each group.

In addition to the gene presence and absence matrix, phylogenetic trees can also
be built based on core gene alignment. In five E. coli datasets simulated from an original
100-random genome dataset, the nRF distance values were lower than 0.2 when
compared the original tree and the tree constructed using core gene alignment from
genomes having 100 fragmentation (Figure 24). When using genomes with 1%
incompleteness for tree construction, the nRF distance values between new and original
trees increased to ~0.3. The nRF values for tree comparison were even higher than 0.4
when additional 2% intraspecies contamination was added to genomes. Therefore, there
may be some bias or errors in phylogenetic analysis of species MAGs whether using gene
presence/absence or core gene alignment for tree construction.

Figure 24. The nRF distance compares the core gene-based phylogenetic trees in 5 E. coli datasets.
See legend in Figure 23.
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CHAPTER V

DISCUSSION AND CONCLUSION

1. DISCUSSION
17 Species Assessment and Their Pan-genomes
The 17 species used in the project are common bacterial pathogens. These species
have a large number of complete genome sequences because they are well studied in
clinical and environmental biology. More and more new isolates in these species are
found and published in the NCBI RefSeq database
(https://www.ncbi.nlm.nih.gov/pathogens/organisms). Since a single genome cannot
reflect the entire genetic variability of a bacterial species (Costa et al., 2020), a large
number of genomes are desirable to be used in the pan-genome analysis (Tettelin et al.,
2005; Vernikos et al., 2015; Costa et al., 2020). A large number of genomes not only
help to explore the species’ genomic characteristics and variations (Park et al., 2019) but
also strengthen the expressive and statistical power of pan-genomic studies (Marschall et
al., 2018). Therefore, the 17 species, each of which contains at least 100 complete
genomes, are chosen as the representative species for more accurate pan-genome
analysis.
The differences in pan-genome size and structures among species reflected
various genomic diversities and genetic characteristics. This finding can be explained and
verified by considering ANI values, the number of plasmids in genomes, and the survival
environment of bacteria. For example, the largest open pan-genome observed in E. coli
indicated high diversity in different strain genomes. The large variation in pairwise ANI
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values showed clear genomic differences within E. coli genomes. This is consistent with
the previous finding that ANI values for E. coli genomes are distributed across a wide
range, between 95.96 to 99.99% (Park et al., 2019). Some E. coli genomes have even
more than 10 plasmids, indicating that lots of adaptive genes related to antibiotic
resistance, virulence, and metabolic adaptations may be contained to fit specific hosts and
environmental conditions (de Toro et al., 2014). Gene gain and loss in E. coli genomes
lead to high variability in gene contents between lineages and isolates (Touchon et al.,
2009). The diversity of E. coli strains in various environments was revealed in some
previous studies (Van Elsas et al., 2011; Jang et al., 2017). In contrast, B. pertussis has a
large proportion of core genes within its small pan-genome. Since it is a human-specific
bacterium and does not survive in the environment (Trainor et al., 2015), the results
including few accessory genes, no plasmid, and high ANI values reflect the low genomic
plasticity and diversity in B. pertussis, which is consistent with previous findings (Mooi,
2010; Weigand et al., 2017). Two species, K. pneumoniae and S. enterica, in the same
family (Enterobacteriaceae) as E. coli have large pan-genome containing lots of
accessory genes, indicating their substantial genetic diversity across diverse
environmental niches (Holt et al., 2015; Laing et al., 2017). In contrast, C.
pseudotuberculosis and M. tuberculosis belonging to Actinobacteria phylum have a
smaller pan-genome size and a large proportion of core gene families, which is consistent
with previous studies that they have close relationships among strains (Soares et al.,
2013; Dar et al., 2020). Compared to M. tuberculosis, some C. pseudotuberculosis strains
have more variable genes gained through horizontal gene transfer (Soares et al., 2013),
which is consistent with ANI value differences between genomes.
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The pan-genomes of all the 17 species are determined as “open”. The results are
consistent with previous findings (Qin et al., 2012; Chan et al., 2015; Spring-Pearson et
al., 2015; van Vliet, 2017; Lu et al., 2019; Costa et al., 2020). However, compared to
other species, B. pertussis has its pan-genome near to be closed according to a large
percentage of core genes and less genomic plasticity (Costa et al., 2020). It should be
mentioned that all the pan-genomes were built using only complete genomes. Including
draft genomes from RefSeq may strengthen the finding that all the species have an open
pan-genome.

Core Genome Loss is most affected by Incompleteness, followed by Fragmentation
and contamination
For all 17 species used in this study, the core genome loss was observed when
using simulated MAGs with different levels of fragmentation and incompleteness. These
results are expected given that genomes with missing gene fragments would lead to
reduced core genome size in pan-genome analysis (Zhou et al., 2020). We have
illustrated the genomic consequences of having simulated fragmentation, incompleteness,
and contamination in a given genome (Figure 25).
First, for fragmentation, if the randomly selected cut position is within a gene
coding region, the open reading frame (ORF) will be split into two fragments. Some
ORFs may still be predicted as genes or as hypothetical proteins, while others may be
completely lost due to the missing of start or stop codons. Prokka (Seemann, 2014)
automatically uses Prodigal (Hyatt et al., 2010) with a “closed ends” flag (do not allow
genes to run off edges.) for gene annotation and prediction. Therefore, only full-length
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genes can be predicted, and partial/fragmented genes are not predicted. The sequences cut
at the beginning of the ORFs may lead to the loss of the first start codon, the ORFs may
start at the second/third start codon and lead to completely different protein predictions
(Sarkar et al., 2019; Huang et al., 2021).

original

fragmented

lost

Cut position
incomplete

predicted with
gene name

predicted as
hypothetical
protein

predicted as
hypothetical
protein

lost

lost

contaminated

Added from other genomes
1

Figure 25. The diagram showing gene loss in genome fragmentation and incompleteness simulation.
Black straight lines represent genome sequences. Arrows shown in different colors represent predicted genes
(or open reading frames) in genome sequences.

Second, to simulate incompleteness, some ORFs are partially or fully removed
when creating gaps between genomic fragments. Therefore, the gene prediction step is
more significantly affected, leading to missing genes. Even if there are some genes
predicted in the two ends of genomic fragments, they might be coded into totally
different proteins due to reading frame shifts, leading to falsely predicted genes
(Lomsadze et al., 2018). Moreover, due to a large number of genomes analyzed, only a
few errors in gene prediction can significantly change pan-genome analysis results (Costa
et al., 2020).
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Third, to simulate contamination, sequence fragments from closely related strains
or species are added. Unlike fragmentation and incompleteness, there is no removal of
existing genomic regions. Therefore, there should be no loss of core genes. However, the
size of the core genome still decreased when adding intra- or interspecies contamination
(Figure 10 and Figure 11) when using Roary. In contrast, the core genome size did not
decrease in BPGA and Anvi’o (Figure 13). This raised the question that if Roary has
limitations to deal with contaminations.
We have looked further into Roary’s (Page et al., 2015) analysis result. It appears
that some core gene clusters before the contamination are falsely split into multiple gene
clusters (Appendix B). As a result, some core genes were no longer considered as core
genes due to the clustering error, leading to the underestimation of core genome size.
Gene clusters being incorrectly split into multiple smaller clusters were also noticed in
other studies (Tonkin-Hill et al., 2020; Zhou et al., 2020). Interestingly, the addition of
contamination sequences from closely related strains of the same species will lead to
more errors in gene clustering than contamination from other species.
Tonkin-Hill et al. (2020) also evaluated the effects of errors on pan-genome
analysis caused by annotation errors, fragmented assemblies, and contamination in their
recent study; the results of core genome reduction are consistent with our observation.
They suggested that the removal of contamination and correction of annotation errors are
essential to construct an accurate pan-genome for genomes with fragmentation and
contamination (Tonkin-Hill et al., 2020). Compared to their simulated genomes focusing
on genome fragmentation, contamination, and gene gain/loss in the accessory genome,
our study also simulated genomes to represent incompleteness in real MAGs. Our results
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indicated that genome completeness was also important for accurate pan-genome
analysis.
Although the core genome reduction was observed in all the 17 species (Figure 8
and Figure 9), the different rates of core genome loss may be related to the characteristic
of species. In general, species that have higher ANI values will have larger core genomes
because of the close relationships among strains. These species tend to have a more rapid
reduction in core genome sizes. Since the core genome reduction varied among species, it
is still difficult to predict the loss of core gene families in real MAGs.

Different Performances in Roary, BPGA, and Anvi’o
For both E. coli and B. pertussis datasets, the core genome size predicted by using
Roary and BPGA is consistent, while different predictions are given in the contamination
groups (Figure 13). The different performance is possibly correlated with the algorithm
used for gene clustering. In Roary, CD-HIT (Li and Godzik, 2006) is firstly used to
reduce sequence redundancy and select the representative sequences. The longest input
sequence is picked as the first cluster representative, the remaining sequences from long
to short are compared based on their similarities to the existing representatives. The
sequences will be classified as a redundant or representative sequence (Fu et al., 2012).
Then MCL (Van Dongen and Abreu-Goodger, 2012) is used to cluster the representative
sequences. Since only a single set of representatives is selected for clustering, it is a
critical limitation that this set may not be the best representation for the whole dataset
(Surujonu et al., 2020). If the representative (longest) sequence is selected from the
contamination sequences, the clustering results may be changed consequently. In
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comparison, Usearch (Edgar, 2010) is used as the clustering tool for BPGA. Target
sequences are compared to the query in order of decreasing unique word count (U), and
sequences above the identity threshold will be considered as a hit. If a hit exists, it will be
found among the first few candidates in the sorted U-list. Therefore, it has a higher speed
and more improved sensitivity than CD-HIT (Edgar, 2010).
Roary and BPGA have more similar results in B. pertussis than in E. coli,
indicating that their clustering performance will be influenced by different species. Due
to possible effects on clustering caused by a large number of accessory genes in E. coli,
these pan-genome tools may have a more accurate result for species like B. pertussis,
which have more conserved core genomes, than E. coli. This finding is consistent with
that performance of pan-genome computational tools decreased with increasing levels of
genome variations and evolutionary distance (Bonnici et al., 2021).
The performance of Roary and Anvi’o changes when using different gene
prediction tools. When the gene annotation provided by Prokka is used, the core genome
size predicted by Roary and Anvi’o is similar. However, if the default Prodigal in the
Anvi’o pipeline is used, less core genome reduction will be caused by fragmentation
(Figure 14a and Figure 16a). In Anvi’o, the prodigal is used with “-p meta” for
metagenome mode as default if no translation tables are given; it also predicts genes that
run off the edges of the sequence. In other words, more fragmented/partial genes will be
predicted in Prodigal than that in Prokka. However, in Prokka, the candidate genes will
be searched against domain-specific databases and identified with models of protein
families, the gene prediction results may be fewer but more accurate. Therefore, it is still

73
unclear whether using Anvi’o with its default Prodigal is a better choice for more
accurate pan-genome analysis on MAGs.

Important Parameters for Pan-genome Analysis
In pan-genome analysis, the lower the core gene threshold is used, the larger the
core genome size is predicted (Figure 14, Figure 15, and Figure 16). However, when
using a lower core gene threshold (e.g., 80%), some gene clusters that should be
classified as accessory gene families may be falsely considered as part of the core
genome, leading to possible overestimation in essential genes for microbial survival. In
contrast, the strict core gene threshold (genes present in 100% or >99% of genomes) is
not suggested due to the fragmentation, incompleteness and contamination in MAGs. The
core gene threshold used in the pan-genome analysis for MAGs should be carefully
selected based on the quality of MAGs. Therefore, there should be a good balance
between the size and accuracy of the core genomes. For instance, a higher core gene
threshold like 95% should be applied to MAGs with only low fragmentation (average
number of fragments<100) and/or low incompleteness (average incompleteness<5%),
while a lower core gene threshold like 90% or 85% should be used for MAGs with lots of
fragmentation (average number of fragments>100), and/or high incompleteness (average
incompleteness>5%).
When the identity for gene clustering is higher than 80%, the size of the core
genome predicted by using Roary was dramatically influenced (Figure 17). Since the
clustering identity higher than 90% is suggested in Roary, the identity lower than 80% is
not evaluated in this study. In Anvi’o pan-genome analysis, the MCL inflation, which
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defines the sensitivity of the MCL algorithm in the identification of the gene clusters, is
used instead of sequence identity. The MCL inflation is set as “10” for comparing strains
in species (Eren et al., 2015). Chan et al. evaluated the clustering accuracy of MCL and
UCLUST (share the same algorithm with Usearch) using different inflation values and
clustering identity. They found that factors including sequence divergence and GC
content bias would affect the accuracy of sequence clustering (Chan et al., 2013). The
appropriate clustering identity or MCL inflation should be selected for MAGs based on
their quality (e.g., incompleteness or contamination percentages). For the high-quality
MAGs, clustering identity higher than 80% or MCL inflation of 10 is suggested. If
MAGs are more incomplete and contaminated, clustering identity 50%-80% or MCL
inflation 2-10 should be tested to find the most suitable parameters.
In studies that use pan-genome analysis on MAGs (Appendix: Supplemental 1), it
is noticed that the core gene threshold varies from 66% to 100%. The clustering identity
used in Roary and BPGA ranged between 50% and 95%, while the MCL inflation values
used in Anvi’o were 2, 5, and 10. Further detailed guidance and evaluations are needed to
help select the parameters used in the pan-genome analysis for MAGs.

Underestimation and Misprediction in Downstream Analysis of MAGs
The reduction in core genome size could naturally lead to the underestimation of
the COG functions for core genomes and the misprediction in phylogenetic trees.
Although using a lower core gene threshold (e.g., 95%) may maintain more COG
functions (Figure 20), some functional prediction errors may be caused by including the
misclassified core gene representatives. In previous studies of MAGs, the COG
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functional analysis was performed to study the enriched COG functional categories in
core and accessory genes of all species found in the human microbiome (Almeida et al.,
2021), to determine functional differences between gene clusters in the Sulfurovum
pangenomes (Moulana et al., 2020), and to investigate key functions shared by genomes
in a phylum (Shaiber et al., 2020). Therefore, the COG analysis for core genes may help
to understand the survival and adaptive ability of species, while the function studies for
unique genes are especially important to understand the differences among strains in
various environments. For MAG studies, the accuracy of core/unique genomes is the key
for the precise interpretation of functions in MAGs, so the pan-genome analysis needs to
be improved in the future to ensure more accurate core/unique genomes for MAGs.
The errors in phylogenetic trees will lead to the misinterpretation of the species
evolution and relationships among strains. For using phylogenetic trees built from gene
presence and absence, it has been reported that the lost core genes in some strains will
affect the inference of gene gain and acquisition based on the phylogeny (Gabrielaite and
Marvig, 2020). The accuracy of these phylogenetic trees highly depends on the
completeness and fragmentation of genomes (Gabrielaite and Marvig, 2020). Our data
clearly showed that phylogenetic trees based on gene presence and absence will be much
more likely to be affected when it is based on MAGs than when based on complete
genomes. The accuracy of phylogenetic trees based on core genome alignment will be
also significantly influenced by the reduction of core genomes. The genomic features
including single nucleotide polymorphisms (SNPs) may be lost with core genome
shrinkage, leading to inaccurate strain relationships.
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Limitations and Bias
There are some limitations and biases in this study. Firstly, all the 17 bacterial
species are pathogenic. The lack of non-pathogenic species may not reveal all the issues
in pan-genome accuracy and leads to possible bias in understanding the pan-genome
accuracy loss. Secondly, the simulated MAGs may not fully represent the assembly and
binning errors in real MAGs. In addition, some pan-genome analyses of MAGs may also
include complete and draft isolate genomes. Our simulated genomes only used MAG-like
genomes may lead to an overconcern of the problem. Moreover, the normalized
Robinson-Foulds symmetric distances (nRFs) used to determine the differences between
two phylogenetic trees can not consider the similarities between two clades, leading to
possible errors in prediction. Additionally, only three pan-genome computational tools
used in this study may not reveal the common problems in all tools. For example, the
Panaroo pipeline(Tonkin-Hill et al., 2020), which is designed to prevent the problems of
low-quality draft genomes, is not evaluated in this study.

2. CONCLUSION
In this study, the differences of pan-genome analysis on complete genomes and
simulated MAGs were compared among 17 species. A Python simulation pipeline was
developed to generate MAGs with different levels of fragmentation, incompleteness and
contamination from complete genomes. The incompleteness and fragmentation were the
two most important reasons for core genome loss in MAGs, while the contamination
influenced the number of unique gene families. The core genome reductions would
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further affect the downstream analysis, leading to underestimation in COG functional
prediction and misprediction in phylogenetic trees.
To improve the accuracy of pan-genome analysis on MAGs, the quality control of
MAGs is indispensable as the first step. Although a new pipeline like panaroo has been
developed to solve the errors caused by fragmentation and contamination in prokaryotic
genomes, the tool is not designed for MAGs. The gene annotation and gene clustering
algorithms considering the characteristics of MAGs (e.g., incompleteness) need to be
developed to improve the core genome prediction. Moreover, the two important
parameters, core gene threshold and clustering identity should be selected appropriately
based on the quality of MAGs to make a balance between underestimation and
overestimation of core genomes.
Overall, this study filled the research gaps in evaluating pan-genome accuracy on
MAGs, revealed possible issues in studying pan-genome of MAGs, and provided
suggestions on improving the pan-genome accuracy. The more accurate pan-genome
analysis on MAGs will significantly improve the studies in the human gut microbiome,
the spread and evolution of foodborne diseases, and the virulence-associated genes in
pathogens.
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APPENDIX B
CASE STUDY FOR CORE GENE LOSS
Appendix B. Case study – the loss core gene in a contaminated E. coli genome (GCF_900149915.1_
128_cut_98.97comp_3.06cont). Blue frames represent input files. Green frames represent outputs. Orange
frames represent the example for core gene loss in an E. coli genome (numbers for gene clusters or reasons
for core gene loss)
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17

7. Compare the name of gene clusters for lost core genes
in pan-genome before and after contamination

Gene clusters identified as core before contamination
are falsely splitted to accessory gene clusters.
e.g., Core gene cluster “murD” is split to two gene cluster,
“murD” and “group_4987”. The gene cluster “group_4987” only
contain 3 gene sequences.

