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Abstract

Microbes vastly outnumber all other organisms on earth and are integral to

many aspects of the ecological fitness of the earth’s soils, oceans, animals, and

plants. Unfortunately, most of the microbes in these communities cannot be cul-

tured, so to observe these communities’ biological functions, we must study their

DNA. After a researcher sequences a microbial community, they utilize informat-

ics methods to correlate the taxonomic and functional profiles to their traits of

interest. However, these methods assume that the underlying taxonomic and

functional profiling are accurate. If procedures are developed to identify the pro-

files of a community more accurately, the increased precision will enable higher

power testing of hypotheses and detection of these communities’ causal roles. We

propose novel, accurate, and data-efficient methods for taxonomic and functional

profiles in shotgun metagenomic datasets.
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Chapter 1

Introduction

Microbes vastly outnumber all other organisms on earth and drive many aspects of

the ecological fitness of the earth’s soils, oceans, animals, and plants [1]. Among

many processes, microbial communities influence the rate of methane released

from melting permafrost [2]. They are associated with numerous chronic human

diseases [3]. They additionally regulate essential chemical balances in our soil,

promoting the health of agriculture [4]. Unfortunately, most of these microbes

cannot be cultured, so to observe the biological functions of these communities,

we must study their DNA. The complete set of all of the DNA of a community of

microbes sequenced together is the metagenome [5]. The metagenomic sequencing

experiments to profile microbial communities generate extensive, complex, multi-

dimensional data. As such, there is a surge in demand for scientists to precisely

describe the microbes present within these communities to determine which mi-

crobes are beneficial and which are detrimental for different environments and

applications.

We are still in the early stages of human microbiome research through study-

ing metagenomes. With the advent of next-generation sequencing (NGS), we

1
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have created methods to profile these microbial communities. There is room for

improvements and discovery with the tools still evolving. In my short time re-

searching this field, I have shown the human gastrointestinal microbiome’s relation

to gut dysbiosis in relationship to chemotherapy [6] and rheumatoid arthritis [7].

With the methodological improvements described herein, we are one step closer

to unraveling the complex roles these microbes play in our everyday lives.

1.1 Background and Literature Review

1.1.1 The Complexity of the Human Microbiome

The number of human cells in the body are outnumbered at least ten times by

resident microbes, with the majority of the microbes being Bacteria living in the

gastrointestinal tract [8]. Given the number of cells and total genetic potential,

the microbiome has many avenues to play an integral role in the health of humans.

Furthermore, the makeup of the human microbiome is dynamic and can interact

with its human host and change over time to fit its conditions [9]. However, the

tendency of the microbiome to change over time varies from person to person

[10]. Due to competitive ecological interactions, the microbiome has been shown

to be quite robust against perturbations and the introduction of new organisms

[11]. The first instance proving a microbe’s engraftment long-term to a foreign

microbiome required the strain to be cultured from a human host. Furthermore,

the strain would likely only engraft to the new microbiome if a comparable or-

ganism does not already fulfill the microbe’s ecological niche. This engraftment

example proves both the microbiome’s robustness to introductory microbes and

shows the microbiome’s ability to be altered if the desired community lacks an

essential organism.
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1.1.2 Microbiome as a Biomarker of Human Health

The human gastrointestinal microbiome has well-documented impacts on the

health and wellbeing of its human host [12, 13]. Coupled with this relationship, the

microbiome’s composition is known to vary widely, and it is distinguishable across

people in terms of age, geography, and sex [14]. Many microbiome researchers’

objective is to precisely characterize the interaction between the microbiome and

different diseases, hoping to help cure, diagnose, or treat those diseases. For

example, researchers have shown the microbiome as a diagnostic tool for predict-

ing a patient’s risk of bacteremia infection before chemotherapy [15]. Researchers

demonstrated the microbiome’s response to diet by differentiating the microbiomes

between patients that eat plant- or animal-based diets [16]. A direct, measurable

way to influence the human microbiome, such as through probiotics or diet, would

have profound impacts as a therapeutic role for human health.

1.1.3 Sequencing Techniques

Researchers have typically performed microbiome DNA analysis in one of two

ways: using amplicon-based (16S) or whole-genome shotgun-based (WGS) se-

quencing methods [17]. Amplicon-based techniques typically amplify a highly

variable region of the 16S ribosomal RNA gene for profiling Bacteria. Amplicon

sequencing is affordable but often cannot distinguish between species due to se-

quence similarities and does not allow high-accuracy prediction of the functional

repertoire. Because amplicon methods rely on DNA primers to amplify the region

of interest, they are also subject to high bias levels. They can fail to capture

organisms whose DNA sequence does not match the primers. As an alternative,

WGS experiments sequence randomly selected fragments of all DNA present in a
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microbiome. WGS directly measures the functional repertoire of the microbiome

by capturing a snapshot of the total metagenomic content and allows up to strain-

level characterization of microbiomes by mapping sequencing reads to the unique

markers of strain reference genomes. WGS is typically ten times more expensive

than amplicon sequencing due to its costly library preparation protocols and the

additional costs of very deep sequencing. This forces researchers to choose be-

tween affordability with amplicon methods and accuracy with WGS. I focus the

majority of the work within this thesis on improvements in cost efficiency and

computational methods in WGS sequencing.

1.1.4 Sequencing Quality-Control Algorithms

Quality control of high-throughput, short-read sequencing data generated for mi-

crobiome datasets is essential for ensuring the proper analysis and profiling of the

microbiome. The quality-control process is quite specialized depending on the se-

quencing methods utilized. Furthermore, the quality-control process is also quite

labor-intensive due to the amount of unprocessed data created in a metagenomic

sequencing experiment. Quality control of metagenomic sequencing is one of the

first steps of analysis, and therefore all downstream rely on its properness. While

the process is essential, it can be a barrier to proper metagenomic analysis due

to the domain-specific knowledge required to complete it. In the case of WGS,

each sequencing method can be error-prone where each of the nucleotide base

pairs receives a quality score assigned to it by the sequencing machine. To allevi-

ate the requirement for this intensive task within this thesis, I helped create and

utilize the automated quality-control pipeline shi7, (pronounced “shiz -en”) [18].

The computational pipeline shi7, specifically the learning mode, automatically
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detects the pairing, barcodes, adaptors, base quality thresholds, and stitching pa-

rameters required for all datasets to ensure we use the highest-quality sequences

for downstream profiling algorithms.

1.1.5 Microbiome Profiling Algorithms

When using metagenomics to study the human microbiome, researchers usually

have two primary profiles of characterization: a profile of the microbes and their

respective abundances and a profile of the potential functions and ecological roles

the microbes impact. We organize the characterizations of the metagenome into

tables. The tables have features for the rows, columns for the samples, and the

entries are a quantification of relative abundance. There are two broad categories

of tables: taxonomic and functional. Taxonomic tables quantify “who is there”

in the microbiome and have features that can be taxonomic species, strains, or

genomes. Functional tables quantify “what are they doing” in the microbiome

and have features that can be the gene families or pathways.

Taxonomic Profiles

Several methods process quality-controlled sequences from WGS metagenomic se-

quencing experiments into a taxonomic profile. Three such approaches are align-

ment marker-gene, alignment full-genome, and k -mer full-genome. The alignment

marker-gene approach uses a database of predefined marker genes and uses an

alignment [19, 20] algorithm to map the query reads to the database [21]. The

marker-gene approach simplifies some profiling processes since not as much mem-

ory and computation are required compared to using a full-genome database and

alignment [22]. An alignment-free approach maps exact or partial matches of

k -mers between the query sequences and full-length reference genomes [23, 24].
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Some variation of the last common ancestor of all identified matched genomes

from an individual query is reported as the taxonomy among all methods.

Functional Profiles

Functional profiles typically follow the same approach as creating taxonomic pro-

files, except the reference database is labeled with gene families, orthologies, or

pathways instead of taxonomies [25]. This method of profiling matching query-

reads to a gene database is known as direct observations or bag-of-genes approach.

Another standard method, known as bag-of-genomes, can be taken to align to

complete reference genomes instead. For every match to a genome, every gene

present in the genome is summed and quantified as present [26].

1.1.6 Approaches for Analyzing a Profiled Microbiome

Researchers generally study a microbiome with a specific hypothesis they are in-

terested in testing. For example, researchers characterized the gastrointestinal

microbiome of patients to discover relationships between the metagenome and the

risk of type-2 diabetes (T2D) [27]. In this study, after the researchers quantified

the taxonomic profile, they were interested in the differences between the diversity

and function of the microbiome for healthy subjects and those with T2D. Using

alpha-diversity, with standard metrics being Shannon’s [28], or Simpson’s [29], we

compare the within-sample diversity of the profiles on average between outcomes.

Another interesting metric that research examines is the beta-diversity, or the

between sample distance. One standard metric is to use the unweighted UniFrac

[30] metric to compare distances between samples and to visualize the space using

a Principal Coordinates Analysis (PCoA) [31]. Many other techniques exist to

analyze the microbiome, including even machine learning applications to predict
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outcomes [32]. A common problem is maintaining the entire collection of meth-

ods used in downstream analysis to maintain reproducibility and standardization

across the field. Several computational pipelines that include common strategies

in analysis and built-in tracking of all transformations done on the data have been

implemented [33].

1.2 Thesis Statement, Specific Aims, and Ap-

proach

1.2.1 Thesis Statement

The overarching goal of this research is to establish practical, efficient, and accu-

rate methods for taxonomic and functional profiling for studying the microbiome.

We hypothesize that current processes are not optimized for metagenomic work:

specifically, in the areas of depth of sequencing, computational efficiency, and

genome presence detection. Overcoming the current shortcomings of amplicon

and shotgun techniques presents significant challenges in metagenomics and pre-

vents scientists from performing detailed, large-scale studies.

1.2.2 Specific Aims and Approach

Specific Aim 1

Optimize sequencing depth for shotgun human microbiome datasets in cost, data

efficiency, and computational accuracy.

Hypothesis: Using sample multiplexing, lower-depth sequencing, and im-

proved taxonomic profiling in “shallow” WGS metagenomic experiments will give
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the cost-effectiveness of 16S sequencing with some of the benefits of WGS sequenc-

ing.

To test this hypothesis, we will:

• Bootstrap sample sequencing at various depths to evaluate the accuracy of

taxonomic and functional profiles and establish a depth optimized for the

accuracy and cost-effectiveness tradeoff.

• Evaluate, compare, and contrast the accuracy of shallow WGS, deep WGS,

and 16S in terms of Bacterial taxa identified and abundance.

Specific Aim 2

Create an accurate and reproducible shotgun microbiome profiling pipeline.

Hypothesis: Best practices and incremental improvements in alignment al-

gorithms and read disambiguation schemes packaged together into a single com-

putational pipeline will promote more accurate and reproducible metagenomics

experiments.

To test this hypothesis, we will:

• Research and develop a computational pipeline for taxonomic and functional

profiling of WGS metagenomic datasets.

• Make the taxonomic profiler flexible to the computational capacity of the

researcher.

Specific Aim 3

Evaluate methods for accurate genome presence-absence calling and addressing

the long-tail of the taxonomic profiles by alleviating the false-positive biases of

more extensive databases.
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Hypothesis: By utilizing features of the alignment and the genomes within

a database, a machine learning model can more accurately classify the presence-

absence of genomes within a sample.

To test this hypothesis, we will:

• Curate a training and testing metagenomic WGS dataset with known genome

presence-absence metadata.

• Engineer features and then train, optimize, and analyze a machine learning

pipeline for presence-absence classification.

• Build and maintain a software pipeline so other researchers can utilize

methodology.

1.3 Dissertation Layout

I have organized this dissertation into four manuscripts, each of which is either

published or in the process of being published. It begins with a general intro-

duction and background overview of the current practices and challenges in WGS

metagenomic experiments. It follows with the research manuscripts described be-

low. Finally, it concludes with a chapter discussing where this research sits in the

field and future work for the area.

• Chapter 2: Evaluating the Information Content of Shallow-Shotgun Metage-

nomics is a research article outlining and evaluating the depth of WGS ex-

periments and comparing them to 16S.

• Chapter 3: Modular Accurate and Scalable Framework for Microbiome
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Quantification is a research article that outlines a novel taxonomic and func-

tional profiling pipeline optimized for shallow- and deep-WGS experiments

and compares them to other profilers in the field.

• Chapter 4: Classifying Reference Genome Presence” is a research article that

outlines a machine learning pipeline that accurately identifies the presence-

absence of genomes present in a profile after alignment.

• Chapter 5: Applications of Shallow-Shotgun Metagenomic Profiling Tech-

niques is a technical report showing the earlier techniques applied to an

end-to-end metagenomic experiment.

1.3.1 Conclusion

This thesis focuses on dramatic improvements in data efficiency profiling microbial

communities using metagenomic sequencing data. After a researcher sequences

a microbial community, they should utilize informatics methods to correlate the

taxonomic and functional profiles to a trait of interest. However, these methods as-

sume that the underlying taxonomic and functional profiling are accurate. If pro-

cedures are developed to identify the profiles of a community more accurately, the

increased precision will cascade down every step along the metagenomics pipeline.

The informatics methods will have more power to test hypotheses and detect these

communities’ causal roles with more detailed profiles. Accurate cost- and time-

effective taxonomic quantification of environmental samples is essential. Given

the weaknesses of the techniques mentioned earlier, we propose novel, highly data-

efficient methods for taxonomic and functional profiles in shotgun metagenomic

datasets.



Chapter 2

Evaluating the Information

Content of Shallow-Shotgun

Metagenomics
1

2.1 Introduction

Although microbial communities are associated with many aspects of human, en-

vironmental, plant, and animal health, there exists no cost-effective method for

precisely characterizing species and genes present in such communities. While

deep whole-genome shotgun (WGS) sequencing provides the highest-level of taxo-

nomic and functional resolution, it is often prohibitively expensive for large-scale

studies. The prevailing alternative, high-throughput 16S rRNA gene amplicon

sequencing (16S), often does not resolve taxonomy past the genus level and pro-

vides only moderately accurate predictions of the functional profile; thus, there is

currently no widely accepted approach to affordable, high-resolution, taxonomic

1A version of this article has been published [34]
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and functional microbiome analysis.

To address this technology gap, we evaluated the information content of shallow-

shotgun sequencing with as low as 0.5 million sequences per sample as an al-

ternative to 16S sequencing for large human microbiome studies. We describe

a library preparation protocol enabling shallow-shotgun sequencing at approxi-

mately the same per-sample cost as 16S. We analyzed multiple real and simulated

biological data sets, including two novel human stool samples with ultra-deep

sequencing of 2.5 billion sequences per sample, and found that shallow-shotgun

sequencing recovers accurate species-level taxonomic and functional profiles of the

human microbiome. We recognize and discuss some of the inherent limitations

of shallow-shotgun sequencing, and note that 16S sequencing remains a valuable

and important method for taxonomic profiling of novel environments. Although

deep WGS remains the gold standard for high-resolution microbiome analysis,

we recommend that researchers consider shallow-shotgun sequencing as a useful

alternative to 16S for large-scale human microbiome research studies.

2.1.1 Motivation for Shallow-Shotgun Sequencing

A common refrain in recent microbiome literature and scientific talks is that the

field needs to move away from broad taxonomic surveys using 16S sequencing, and

toward more powerful longitudinal studies using shotgun sequencing. However,

performing deep-shotgun sequencing in large longitudinal studies remains pro-

hibitively expensive for all but the most well-funded research labs and consortia,

which leads many researchers to choose 16S sequencing for large studies, followed

by deep-shotgun sequencing on a subset of targeted samples. Here we show that

shallow or moderate-depth shotgun sequencing may be used by researchers to ob-

tain species-level taxonomic and functional data at approximately the same cost
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as amplicon sequencing. While shallow-shotgun sequencing is not intended to

replace deep-shotgun sequencing for strain-level characterization, we recommend

that microbiome scientists consider using shallow-shotgun sequencing instead of

16S sequencing for large-scale human microbiome studies.

2.1.2 Overview

Despite the close association of microbial communities with many aspects of hu-

man, environmental, plant, and animal health [8, 35, 36, 37] it is not currently

possible to characterize precisely the species and genes present in a microbial

community in a cost-effective manner. The microbial communities of human mi-

crobiomes are complex, multivariate and multidimensional, requiring large studies

to power novel biomarker discovery and predictive modeling [8, 32]. Deep whole-

genome shotgun metagenomics (WGS) provides highly resolved strain-level taxo-

nomic and functional information, but is generally cost-prohibitive for large-scale

studies. Many of the largest microbiome studies to date have been performed

via 16S rRNA gene amplicon sequencing (16S), a cost-effective alternative, but

16S typically provides only genus-level taxonomic assignments [38] and rough esti-

mates of the functional repertoire [39, 40], limiting the amount of information that

can be learned from the data. The purpose of this paper is to evaluate shallow

shotgun as a possible cost-effective alternative to 16S sequencing for large-scale

biomarker discovery with improved taxonomic resolution and functional accuracy.

A major concern for the use of any microbiome assay is the ability to identify

and quantify taxonomic and functional traits from within a complex community.

Deep WGS has a number of advantages over 16S for microbiome profiling for

these purposes in well-characterized environments; for example, deep WGS of

mixed communities, such as the human gut microbiome, has been effective at
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recovering strain-level polymorphisms and functional traits for abundant strains

[41, 42, 43]. Both shallow- and deep-shotgun sequencing sequencing are also less

subject to amplification bias than 16S because they do not rely on targeted primers

to amplify a marker gene [44]. However, at the time of writing, WGS sequencing

typically costs nearly an order of magnitude more per sample than 16S for library

preparation and DNA sequencing.

Although extensive work has been done to characterize how many 16S reads

are required for quantifying relevant biological signals, the same has not been done

for taxonomic or functional profiling with shotgun metagenomics figure 2.1. The

depth necessary for sequencing in a particular study depends on the purpose of

the study; in many studies, the key goals are to understand which species and

functions are present, and to identify biomarkers related to experimental groups

or outcomes. To address the important question of how many reads are required

to capture species-level taxonomic and functional assignments (e.g. KEGG Or-

thology groups [45]), we analyzed shotgun sequencing data at various depths.

We found that shotgun sequencing can produce similar quality species and func-

tional profiles to deep WGS using as few as 0.5 million sequences per sample, as

demonstrated on deep whole-genome sequencing (WGS) samples from the Human

Microbiome Project (HMP) dataset [8], the HMP mock community [44], a dia-

betes study [27], simulated human gut microbiomes, and two novel human stool

samples on which we performed ultra-deep sequencing of 2.5 billion sequences per

sample.
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Figure 2.1: The motivation for shallow-shotgun sequencing is that it pro-
vides more information than 16S amplicon sequencing, at only slightly
higher cost.

2.2 Methods

2.2.1 Alignment Algorithms Evaluated

Alignment was performed using several existing tools and algorithms, including

Bowtie2 [20], Centrifuge [24], Kraken [23], an in-house k -mer based aligner for

comparison with Kraken [46] and an accelerated adaptation of Needleman-Wunsch

for exhaustive gapped semi-global alignment [47, 48].

2.2.2 Shotgun Species Profiling

After trimming sequences until quality score is above 20, and discarding trimmed

sequences shorter than 80 bases or with average quality score of less than 30, query

reads were mapped with several different alignment tools against representative

and reference genomes from the RefSeq database version 82 [49] using a 95%

identity threshold (also compared to 98% for precision and recall evaluation on
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the simulated data). A read that mapped to a single reference genome is labeled

with the NCBI taxonomic annotation. All reads that mapped to multiple reference

genomes are labeled as the last common ancestor (LCA) of each label according

to the NCBI taxonomy, and only species-level assignments are retained. We use

a confidence-adjusted LCA that requires at least 80% of all tied best matches

to agree for species annotation. All source code can be found at the GitHub

repository: https://github.com/knights-lab/SHOGUN [50].

Additional analysis code used to generate figures and run tests for this manuscript

can be found here: https://github.com/knights-lab/analysis_SHOGUN.

2.2.3 Shotgun Functional Profiling

Functional profiling was obtained using KEGG Orthology (KO) [45] annotations

for RefSeq derived genes [49] from directly observed exhaustive gapped alignments

in ultra-deep WGS sequencing. To improve the accuracy of the direct KO profiles

for low-abundance genes, the KO profiles were separately predicted from reference

genomes and the predicted profiles were used to augment the estimates of low-

abundance KOs. Specifically, we identified those query reads with a 100% match

to exactly one reference genome, and predicted the entire KO profile of that

genome to be present in the sample, similar to a previously published approach

[40]. This is similar to the PICRUSt algorithm for amplicon sequencing data

[39], but without the intermediate steps of clustering short-read amplicons and

identifying closely related reference genomes. The final KO profiles reported by

SHOGUN are a weighted average of predicted and directly observed KO profiles.

The predicted KO counts are weighted between 0.0 and 0.1 by a linear function

of the coefficient of variation of the count for a given KO, estimated from the size

of the binomial confidence interval for the observed count of a given KO, divided

https://github.com/knights-lab/SHOGUN
https://github.com/knights-lab/analysis_SHOGUN
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by the count of that KO. The direct KO profiles receive the remainder of the

weight, such that the direct KO profiles receive at least 90% of the weight for all

genes, and the predicted KO profiles are trusted only for the lowest abundance

genes where the expected variance in observed count is high. 16S sequences were

aligned to Greengenes version 13.8 [51] at 98% identity with exhaustive gapped

alignment [47, 48]. Where a query sequence aligned equally well to multiple

reference sequences, the taxonomic assignment was made using the last common

ancestor conserved across at least 80% of the set of references.

2.2.4 Human Microbiome Project data

We obtained deep WGS data from the Human Microbiome Project (HMP) [8]

and sub-sampled the data to simulated shallow-shotgun sequencing depth. We

annotated the deep WGS data using fully exhaustive gapped alignment for both

taxonomy and functional profiles against all complete, representative bacterial

genomes from the reference database RefSeq version number 82 [49]. We then

rarefied these samples repeatedly to 1,000, 10,000, 100,000, and 1 million, and 10

million sequences per sample, and ran the SHOGUN pipeline to quantify species and

gene profiles. The HMP mock community data are from runs SRR2726671 and

SRR2726672 from NCBI accession SRX1342165 [44].

2.2.5 Simulated Human Metagenomes

The body sites analyzed from the HMP project were first grouped according to

the broad stool, skin, and oral body sites. We calculated the average relative

abundance of all samples within each group. The 100 most abundant species

for each group were used for simulating communities. The reads were simulated
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from a randomly selected strain belonging to each of those most abundant species

according to the average proportion of that species in the respective body site

group using the tool dwgsim [52]. The reads were simulated with default settings

for Illumina single-end sequencing machines with a 5% mutation rate where 2% of

mutations are indels and a maximum of ten ambiguous bases per query sequence.

2.2.6 Sequencing Library Preparation

Shotgun DNA sequencing was performed on the Illumina HiSeq platform. DNA

was extracted using the Qiagen DNeasy PowerSoil kit, and was quantified us-

ing the Quant-iT PicoGreen dsDNA assay (Thermo Fisher). DNA sequencing

libraries were prepared using one-quarter-scale NexteraXT reactions (Illumina).

The resulting DNA libraries were denatured with NaOH, diluted to 8 pM in Illu-

mina’s HT1 buffer, spiked with 1% PhiX and a HiSeq 1x100 cycle v3 kit (Illumina)

was used to sequence samples. Samples are barcoded and multiplexed on a HiSeq

high-output run, with an expected output of at least 0.5 million total sequences

per sample. For the ultra-deep-shotgun sequencing, 64 separate libraries were

prepared as described above but using full Nextera reactions from a homogenized

stool sample and were multiplexed on a HiSeq 3000 high-output run, using an

entire run per sample.

2.2.7 Data Availability

The data for the ultra-deep WGS sequencing have been deposited in the European

Nucleotide Archive with the accession code PRJEB24152.
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2.3 Results

A comparison between deep- and shallow-shotgun sequencing in real and simu-

lated biological data sets demonstrated that shallow shotgun provides nearly the

same accuracy at the species and functional level as deep WGS sequencing for

known species and genes in five key aspects of microbiome analysis: (1) beta

diversity figure 2.2.B-C; (2) alpha diversity figure 2.2.D-E; (3) species compo-

sition figure 2.3.A,C; (4) functional composition figure 2.3.B,D; and (5) clinical

biomarker discovery figure 2.4.

2.3.1 Alpha- and Beta-Diversity Profiling

We obtained deep WGS data from the Human Microbiome Project (HMP) [8]

and sub-sampled the data to simulate shallow-shotgun sequencing depth across

five body subsites representing skin, oral, and gut habitat microbiomes. Surpris-

ingly little sequencing was needed to discover the same trends found in deep WGS

data. To discover these trends, we annotated the deep WGS data using an acceler-

ated version of fully exhaustive gapped Needleman-Wunsch alignment [47, 48] for

both taxonomic and functional profiles, against all complete, representative bac-

terial genomes from the reference database RefSeq version number 82 [49]. Fully

exhaustive alignment allowed us to identify any and all ties for best match for each

input sequence according to sequence identity. Species relative abundance profiles

were derived by tabulating the number of sequences with at least 80% of the best

hits belonging to one species. This is similar to the direct mapping approach used

commonly in k -mer-based approaches to shotgun metagenomics taxonomic profil-

ing [23], but with higher sensitivity and recall due to the use of gapped sequence

alignment (see simulated data analysis section 2.3.2). Using the fully exhaustive
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Figure 2.2: Information content of deep and shallow-shotgun sequencing.
(A) Percent of raw shotgun DNA sequences that are unique to one bacterial species
across different human body habitats (n = 7 distinct samples for plaque samples,
n = 30 distinct samples for other body sites). (B, C) Principal coordinates
analysis of Bray-Curtis beta diversity using deep (B) and shallow (C) sequencing
(sample sizes as in [A] above). (D, E) Shannon diversity estimates at varied
sequencing depths for human stool D and subgingival plaque microbiomes (E;
sample sizes as in [B] above). Boxplots show minimum, first quartile, median,
second quartile, and maximum, with outliers beyond 1.5 times the interquartile
range plotted individually.
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Figure 2.3: Comparison of species and function profiles of shallow-
shotgun with ultra-deep sequencing data. (A, B) Correlation with ground-
truth species (A) and KEGG Orthology group or KO (B) profile for known genes
present in the reference database, at different sequencing depths, showing that as
few as 0.5 million sequences recover nearly the full species and function profiles
(ground truth based on 2.5 billion reads per sample; n = 4,394 genes and 694
species at each subsampling level from Subject 1 ultra-deep sequencing sample;
comparable results from Subject 2 not shown). Gene and species profiles recov-
ered from the ultra-deep data include only direct matches to genes and genomes
present in the database; de novo assembly of novel genes and contigs from deep
data is expected to yield additional uncharacterized gene content and is not pos-
sible with shallow-shotgun data. (C, D) Scatterplots of species (C) and KOs (D)
at 0.5 million versus 2.5 billion reads per sample (same sample size as (A) and
(B) above).
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Figure 2.4: Biomarker discovery using shallow-shotgun sequencing. (A,
B) Precision, recall for per-read species binning of different metagenomics analysis
tools (“95” and “98” refer to the minimum alignment identity threshold used, n=5
distinct replicates per subsampling depth, error bars show standard deviation).
(C) Stacked bar plot of species abundances recovered from HMP mock community
shotgun sequencing data. (D) Negative log10 false-discovery-rate-corrected p-
values using Mann-Whitney U tests for species associated with type 2 diabetes
(17), compared between deep and shallow-shotgun sequencing (n = 43 healthy,
n = 53 type 2 diabetes).
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alignment approach, we found that at 20-40% of all sequences could be identified

as species markers because they were uniquely present in only one species in the

database figure 2.2.A. We then bootstrapped these samples repeatedly down to

10, 100, 1,000, 10,000, 100,000, and 1 million sequences per sample, and reran the

analysis to quantify species-level alpha-diversity and beta-diversity profiles. In all

cases, a depth of 0.5 million sequences was more than sufficient to recover the

same alpha- and beta-diversity signals as with deep WGS figure 2.2.B-E.

2.3.2 Species and Functional Profiles

In order to compare the performance of shallow shotgun for species and functional

profiling with ultra-deep sequencing, we obtained ultra-deep WGS sequencing of

2.5 billion sequences per sample on novel human stool samples from two indi-

viduals. At time of writing, to the best of our knowledge, this is the deepest

sequencing performed on human stool microbiomes. Using these two novel sam-

ples, we measured the species profiles and functional profiles as described above

using exhaustive gapped alignment against a full genome database for species and

a database of genes annotated with KEGG Orthology groups (KOs) [45]. We

performed this analysis at the full depth of 2.5 billion sequences, and then sub-

sampled to lower depths. Species profiles at 0.5 million sequences per sample

had an average correlation of 0.990 with ultra-deep WGS (Spearman correlation,

n = 112, p < 2.10 − 16) across the two samples figure 2.3.A,C, and the average

KO profile correlation was 0.971 (Spearman correlation, n = 4, 394, p < 2.10−16)

figure 2.3.B,D. For KO annotation we used direct gene observation for all but the

lowest abundance genes, where we augmented the direct KO counts with counts

of all KOs contained in observed reference strains in a similar manner to Piphillin

[40]. We weighted the amount of augmentation according to the coefficient of
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variation of a binomial distribution at the given observed proportion for a given

gene with the augmented gene counts contributing at most 10% of the total counts

for a given gene. In practice, this approach only affects the most rare genes with

fewer than approximately 10 direct observations and offers a slight improvement in

accuracy in Spearman correlation with virtually no change to Pearson correlation

(see section 2.2). Our observed 97.1% Spearman correlation of the shallow and

deep functional profiles is substantially higher than functional profiles predicted

from 16S sequencing, which typically has 80-90% correlation with the directly

observed functions [40, 39].

Follow the comparison of shallow-shotgun to ultra-deep sequencing of real bi-

ological samples, we also simulated deep WGS of complex metagenomes from a

reference database to evaluate precision and recall of shotgun sequencing at dif-

ferent depths. Individual sequences were drawn at random from full reference

genomes of selected species with a simulated 5% rate of sequencing error. Three

different mixtures of species were selected from the database to match the average

species-level composition of HMP samples from stool, oral, and skin body sites,

respectively (see section 2.2)). Precision was defined as the fraction of simulated

reads that were correctly assigned to their respective species divided by the total

number of reads that mapped to the database. Recall was defined as the fraction

of simulated reads that were correctly assigned to their respective species divided

by the total number of simulated reads. We found similarly high precision rates

of 0.985-0.995 when using exhaustive gapped alignment or Bowtie2 [20] at 95% or

98% alignment identity, or Centrifuge [24]; k -mer based methods including Kraken

[23] and an in-house method for comparison [46] had lower precision figure 2.4.E.

Recall was considerably higher when using 95% identity than 98% identity align-

ment with BURST or Bowtie2, likely due to the high error rate in the simulated
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data figure 2.4.F. We also analyzed published shotgun data from the HMP mock

community [44], recovering all expected species perfectly as the top 20 taxa, with

the exception of Bacillus cereus which was recovered at the genus level due to

highly overlapping species genomes in the genus Bacillus [53] figure 2.4.C.

2.3.3 Species-Level Biomarker Discovery

Finally, to assess the ability of shallow-shotgun sequencing to identify species-

level biomarkers in a clinical study, we subsampled deep-shotgun sequencing data

from a study of healthy individuals and individuals with type 2 diabetes (T2D)

[54] to 0.5 million sequences per sample. We identified the species significantly

associated with T2D in both the deep data and the shallow data using two-sided

Mann-Whitney U tests, and found high concordance between the p-values for

species down to 0.0005 relative abundance (average Spearman ρ = 0.954 across 10

subsampled replicates, n = 94, p < 2.10−16), indicating that 0.5 million sequences

per sample enables discovery of species-level biomarkers with comparable power

to deep-shotgun sequencing down to approximately 0.0005 relative abundance

figure 2.4.D. Notably, this classification task contained a range of statistical signals

ranging from very strong to marginally significant.

2.3.4 Comparison to 16S species profiles

As noted, 16S variable-region amplicon sequences often do not resolve taxa below

the genus or family level, although some species can be identified [38]. To com-

pare the overall concordance between 16S species profiles and shallow-shotgun

sequenicng species profiles for pairs from the same sample, we calculated the

Pearson’s correlation R-squared value (coefficient of determination) of the 16S
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and shallow-shotgun sequencing species profiles in each pair and found the aver-

age R-squared was 0.918. We then permuted the pairing of the 16S and shallow-

shotgun sequencing profiles and repeated the average R-squared calculation to

obtain a null distribution, showing that the R-squared between the true pairs of

samples was better in all cases than the randomly assigned pairs (Monte Carlo

permutation test p < 0.001) (figure 2.5.A). This demonstrated high overall con-

cordance between 16S and shallow-shotgun sequencing species profiles relative to

inter-subject differences. To compare the contributions to total relative abun-

dance of observed species between 16S and shallow-shotgun profiles, we merged

the species-level taxonomic profiles for paired 16S and shallow-shotgun analyses

and measured the fraction of species attributed to 16S only, shallow shotgun only,

or both. We found that there were many species only observed in the shallow-

shotgun data, with some observed at high levels of abundance (figure 2.5.B,C),

indicating that the 16S sequencing identified a subset of the dominant taxa at the

species level.

2.4 Discussion

In this work we evaluated the information content of shallow-shotgun sequencing

as a potential alternative to 16S in certain situations. We found that surprisingly

few shotgun metagenomic sequences are needed to obtain reliable species and

gene group profiles at approximately the same cost as 16S sequencing. We also

compared shallow shotgun to deep shotgun on a number of biological data sets

including samples from the HMP, a published deep-shotgun sequencing diabetes

study, and simulated and mock communities, and found that we could recover

similar trends in alpha and beta diversity, species profiles, and species biomarker
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discovery down to 0.05% relative abundance with as few as 0.5 million sequences

per sample. We then analyzed two human stool samples with new ultra-deep-

shotgun sequencing data at 2.5 billion reads per sample, the deepest sequencing

coverage of any microbiome to our knowledge. We found that shallow sequencing

recovers 97-99% correlated species and KEGG [45] Orthology group (KO) profiles

when compared to the ultra-deep data.

We did not attempt to perform an exhaustive comparison of different sequence

annotation tools as that was outside the scope of our investigation. Instead,

we selected several tools representing different approaches to database search for

comparison, including exhaustive semi-global gapped alignment [47, 48], heuristic

gapped alignment using the Burrows-Wheeler transform [20], and k -mer-based

search [23, 46]. Using simulated metagenomic data we found that tools us-

ing gapped alignment obtained higher precision and recall than tools using k -

mer-based mapping. This result was expected as k -mer mapping requires exact

matches of fixed-size k -mers whereas gapped alignment allows insertion of gaps

at random to maximize overall sequence identity. In our simulated data, fully

exhaustive end-to-end gapped alignment with a minimum threshold of 95% iden-

tity using an accelerated version of Needleman-Wunsch [47, 48] performed best

in terms of recall. Several methods were approximately tied for highest precision.

A potential advantage of gapped alignment over k -mer mapping is that current

tools report the genomic coordinates of each match, allowing estimation of strain-

level coverage, which may be useful for future work into novel algorithms that use

strain-level coverage to further improve precision and recall for rare species.

We note a number of important limitations to shallow-shotgun sequencing

(table 2.1). Shallow-shotgun sequencing may not be a viable replacement for 16S

when characterizing blood or biopsy microbiomes, where there is likely to be more
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host DNA contamination and relatively low bacterial biomass. Shallow shotgun

also relies on whole-genome reference databases, and thus will require expansion

of reference genomes to cover novel environments. When analyzing poorly char-

acterized environments, researchers may consider combining 16S sequencing for

identification of novel taxonomic groups with shallow shotgun for functional pro-

filing. We have not attempted to compare deep or shallow-shotgun sequencing

with 16S sequencing in environments with low representation of strains in the

reference database, such as marine or soil samples. In these cases it is likely that

shallow shotgun will still reveal useful functional profiles due to homology of some

observed sequences to known genes and species, but we expect that 16S would

provide superior profiling of novel taxa due to lack of available representative

genomes covering endemic species, as has been observed for fresh water samples

[55].

Advantages Disadvantages

• Recovers similar alpha diversity,
beta diversity, species
biomarkers to deep shotgun

• Similar cost to 16S

• Sequencing libraries can be
reused for deep shotgun

• Limited by database coverage

• Cannot track strain
variation/SNPs

• Cannot assemble new
genes/genomes

• Limited recall and precision for
species below 0.0005 abundance

Table 2.1: Table that outlines the advantages and disadvantages of shal-
low shotgun sequencing.

Shallow shotgun is not meant to be a replacement for deep WGS for strain-

level resolution or tracking polymorphisms in strains, and cannot be used for novel
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gene and genome assembly. For many of the metrics we examined, a depth of 0.5

million sequences per sample was sufficient, but deeper sequencing is warranted

for detection of rare species below approximately 0.0005 relative abundance. For

this reason, we recommend depths of one or two million per sample for increased

sensitivity when possible. In addition, a general concern with any taxonomic

annotation is that the boundaries of traditional species taxonomic labels do not

necessarily reflect consistent entities at the genomic level when accounting for hor-

izontal gene transfer and inaccurate annotations. These concerns can be alleviated

to some extent using deep-shotgun sequencing and metagenomic assembly [42],

co-abundance clustering [43], or proximity-based assembly [56], although de novo

assembly of strains from complex microbiomes remains an active area of research.

We found that shallow sequencing of human stool microbiomes provides high-

quality species and functional profiles of human microbiome samples, for little

more than the cost of 16S amplicon sequencing when using a miniaturized li-

brary preparation protocol (see section 2.2). We have made available the gene

and genome databases that we used together with a convenient Python-based

wrapper script that allows users to compare several existing tools for performing

both taxonomic and functional annotation (see section 2.2). Shallow shotgun has

a number of important limitations and is not intended to replace deep whole-

genome shotgun sequencing for strain-level analysis or novel gene and genome

assembly. Nonetheless, shallow-shotgun analysis provides considerably more accu-

rate functional profiles and more precise taxonomic resolution than 16S amplicon

sequencing for human microbiome studies. Thus, shallow-shotgun sequencing is a

viable alternative to 16S for researchers performing large-scale human microbiome

studies where deep WGS may not be possible.



Chapter 3

SHOGUN: Modular, Accurate,

and Scalable Framework for

Microbiome Quantification
1

3.1 Introduction

The rapidly decreasing cost of next-generation sequencing technology has led to a

massive increase in the amount and rate of metagenomic data production, creat-

ing the potential to discover causal roles of microbes in many complex ecosystems.

Currently microbiome DNA analysis is typically performed either using amplicon-

based (16S) or whole-genome shotgun-based (WGS) sequencing methods. Tech-

niques based on amplicon sequencing typically amplify a highly variable region of

the 16S ribosomal RNA gene, although other genes may be targeted in particular

cases. Amplicon sequencing is affordable but often cannot distinguish between

species due to sequence similarities and does not allow high-accuracy prediction

1A version of this chapter has been published [50]

31
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of the functional repertoire [57]. Amplicon methods rely on DNA primers to am-

plify the region of interest, and therefore are subject to high levels of bias and can

fail to capture organisms whose DNA sequence does not match the primers. As

an alternative, WGS sequencing randomly selects fragments of all DNA present

in a metagenomic community. WGS sequencing directly measures the functional

repertoire of the microbiome by capturing a snapshot of the total metagenomic

content and allows for strain-level characterization of microbiomes by mapping

reads to the unique markers of strain reference genomes. WGS is typically much

more expensive than amplicon sequencing due to its use of costly library prepa-

ration protocols and the additional costs of deep sequencing.

3.1.1 Motivation

Overcoming the shortcomings of amplicon and shotgun techniques presents chal-

lenges in the field of metagenomics and prevents scientists from performing highly

precise, large-scale studies. The critical barriers to quantifying microbiomes at

the species level are affordability, accuracy, and reproducibility. After microbial

communities have been sequenced, it is the objective of the researcher to utilize

informatics methods to correlate the taxonomic abundance profiles of a sample to

a trait of interest. However, these methods operate under the assumption that the

underlying taxonomic profiles are accurate. If methods are developed to more ac-

curately identify the profiles of a community, the increased precision will cascade

down every step along the metagenomics pipeline. With more precise profiles, the

informatics methods will have more power to test hypotheses and better ability

detect the causal role these communities play. Accurate cost- and time-effective

taxonomic quantification of environmental samples is essential. Often, the quan-

tification and analysis of metagenomic data is carried out using custom, in-house
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workflows, leading to redundant implementations of software and an inability to

reproduce results across labs and studies [58]. To address these challenges, we

propose the SHOGUN [59] pipeline, which assembles current best practices in the

field into a single, easy to use, and flexible framework, to carry out taxonomic and

gene abundance profiling of metagenomic WGS datasets.

3.2 Methods

A typical protocol for going from WGS sequences of a mixed metagenomic com-

munity to a taxonomic profile of abundances can vary widely depending on the

computational taxonomic profile tool used. The focus of this research and the

SHOGUN tool is to utilize the maximum amount of information given in WGS se-

quences to produce accurate taxonomic abundance profiles. We chose to evaluate

tools against the taxonomic profiler SHOGUN [59] pipeline based on the following:

ease of use and documentation, availability as an open-source tool, the ability to

create a user defined database, the ability to summarize a taxonomic abundance

profile at the species level, and the ability to scale to large datasets with multiple

threads per process. As a result of these requirements, the tools Centrifuge [24],

a longest common substring taxonomic profiler, and Kraken [23], an exact k -mer

taxonomic profiler, were selected to evaluate alongside the SHOGUN pipeline.

3.2.1 SHOGUN Pipeline for Metagenomic Relative Abundance

Estimation

SHOGUN is a command line interface (CLI) that can be installed with a single com-

mand, is open source and freely available, and is designed to be well documented
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and easy to use. The SHOGUN pipeline for metagenomic taxonomic and gene abun-

dance profiling is described in figure 3.1. The CLI was designed using a modular

subcommand interface, so SHOGUN can be run in its entirety or each command can

be run individually. All steps within the pipeline use the same database folder

for consistency. The Python-language codebase is unit tested and every version

of the pipeline receives a unique hash from GitHub that can be reconstituted for

complete analysis reproducibility.

3.2.2 Taxonomic Abundance Profiling

The taxonomic profiling algorithm within SHOGUN is partitioned into three steps:

sequence alignment, sequence taxonomic assignment, and rank-specific relative

abundance estimation.

Sequence Alignment

There are three distinct alignment algorithms implemented for use within SHOGUN:

Bowtie [20], a burrows-wheeler alignment algorithm, BURST [48], an optimal, ex-

haustive Needleman-Wunsch alignment algorithm, and UTree [46], a k -mer based

alignment algorithm. Depending on the tool selected for sequence alignment, the

downstream taxonomic assignment and rank-specific relative abundance estima-

tion are automatically tuned so that the pipeline outputs comparable results for

all of the algorithms. Each of the three different alignment modes were evaluated

in terms of their accuracy and computational resources utilized.

Taxonomic Assignment

Taxonomic assignment is the process of assigning a taxonomy to a query se-

quence given the set of valid reference genome matches and match identities in the
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database. Query sequences often match to multiple reference genomes equally well

due to shared genomic regions across reference genomes in the database. When

a query sequence matches multiple genomes, SHOGUN uses a confidence-weighted,

last common ancestor (LCA) algorithm, referred to as taxonomy mode for the

BURST, UTree and Bowtie2 aligners. The taxonomy mode read-disambiguation

scheme results in a rank-flexible taxonomic profile, where the profile contains a

mix of taxonomic levels; that is, some queries are assigned at the kingdom level,

some at the phylum level, and so forth down to the highest resolution possible in

the taxonomic tree. If all annotations are at the same level, preferably at a high

taxonomic resolution such as the species level, the taxonomic profile is known as

rank-specific. The BURST aligner can be run in the SHOGUN taxonomy mode, but

it also comes packaged in SHOGUN with its own read-disambiguation scheme using

a min-cut algorithm referred to as capitalist that returns rank-specific relative

profiling.

BURST Optimal Sequence Alignment

The sequence alignment tool BURST is an exhaustive optimal aligner based on the

Needleman-Wunsch algorithm [47]. By leveraging dynamic programming, BURST

is able to rapidly identify and compute all tied best alignments above a specified

percent identification cutoff. There are two primary taxonomic assignment modes

utilized in SHOGUN from the BURST alignment tool, those being capitalist and

taxonomy mode.

BURST’s Rank-Flexible taxonomy Taxonomic Assignment

The taxonomy mode objective is to identify the most likely taxonomic annotation

for a given query sequence. Taxonomy mode assigns the most likely taxonomic
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annotation given a set of valid alignments for a query sequence using a confidence

based last common ancestor algorithm. That is, for each query sequence, the set

of taxonomic annotations from valid alignments above the user specified thresh-

old is enumerated. The first voting round begins at the highest rank, typically

at the kingdom level, where each of the alignments for a given query vote for

their respective taxonomic rank. If a plurality of the unique taxonomic votes is

determined to be above the user specified threshold (the default threshold being

70%), all children of that taxonomic rank are used in the next round of voting.

Voting rounds continue until a taxonomic lineage leaf is reached or the plurality

supporting vote does not exceed the threshold. If a round of voting does not ex-

ceed the specified support threshold, the interpolation stops and the last round’s

taxonomic lineage vote is returned for the query.

BURST’s Rank-Specific capitalist Taxonomic Assignment

The capitalist algorithm enumerates all tied best hits above a user specified iden-

tity cutoff. The goal of capitalist algorithm is to return the minimal set of ref-

erences that best explain all queries. The capitalist algorithm achieves this goal

by translating the problem to finding the minimum set of query nodes in a bipar-

tite graph such that each query sequence is connected to a single reference. This

solution is very similar in nature to that of the minimum cut problem in prior com-

puter science research [60]. In the bipartite graph, one partition of nodes is query

sequences and the other partition of nodes is reference genomes. The edges in the

graph are the valid best hits returned by the BURST alignment algorithm above

the identify cutoff. The minimum set of references is found by greedily pruning

edges until each query sequence retains only a single edge and therefore a single

valid alignment. The order of the edges for pruning is set by a priority queue. The
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edge priority in the queue is sorted in descending order of highest degree reference

nodes. Every edge is placed into the priority queue and enumerated. For every

edge in the priority queue, the edge is pruned if the degree of the connected query

sequence is greater than one, translating to the query sequence and maintaining

at least one valid alignment to a reference genome node. If an edge is pruned,

the priorities of each other edge of the respective query sequence is updated in

the priority queue with the new query degree. The pruning algorithm terminates

once each query sequence node is degree one. In the final report, the edge and

corresponding alignment reference node for each query sequence is reported.

Bowtie2 Burrows-Wheeler Alignment and Rank-Flexible Taxonomic

Assignment

The alignment tool Bowtie2 [20] is a fast read alignment tool utilizing the Burrows-

Wheeler transformation. The bowtie2 command was modified from its default

settings so that matches to ambiguous bases are penalized, sequential gaps are

weighted differently than single gaps, and up to thirty-two valid alignments above

the specified percent identification are reported. To save space, the header and

unaligned sequences are set to be suppressed [61]. We do not recommend changing

these settings to retain compatibility for downstream SHOGUN analysis. In order

to assign a taxonomy to the query sequence with up to thirty-two alignments, the

confidence-weighted, LCA of all the taxonomic lineages of each query sequences’

set of alignments is reported in the same manner as BURST taxonomy mode.

UTree’s k-mer Based Taxonomic Classification Scheme

The tool UTree maps sequencing reads to reference genomes using a k -mer in-

dexing scheme similar to that of CLARK [62] and Kraken [23]. The purpose of
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UTree is to be light on computational resources while still being able to search

query sequences up to 16 megabase pairs in length against full sized reference

genomes. It uses an efficient, unique, k -mer indexing scheme of reference tax-

onomic ranks through the use of a prefix-forest and a suffix binary tree. The

database is built by stepping through each input reference sequence and deter-

mining whether each k letter window, known as a k -mer, is unique to that ref-

erences taxonomic rank. When a k -mer is selected from the reference genome to

be inserted into the database, it can be flagged as either unique or ambiguous

to a specific taxonomic rank. In the case that the k -mer is unique to the lowest

taxonomic rank, the k -mer is added to the suffix binary tree at the index retrieved

from the prefix-forest with the associated taxonomic metadata. In the case where

the k -mer is not unique, the existing k -mer’s taxonomic rank within the database

is demoted to the common ancestor of the current reference and the existing tax-

onomy. If the common ancestor is the root, it is excluded from the database when

searching.

When searching a query sequence, all unambiguous k -mers in the query are

searched for in the database. All k -mers that are found in the database are used to

interpolate the taxonomic identity of the query in voting rounds in last-common

ancestor algorithm similar to that of taxonomy but modified to suite k -mer taxo-

nomic classification. The first voting round starts at the highest taxonomic rank;

in this case it would be kingdom. A vote is placed for a taxonomic lineage for each

uniquely identified k -mer from the query sequence. If a plurality of the unique

k -mer votes is determined to be above the user specified threshold (the default

threshold being 70%), all children of that taxonomic rank are used in the next

round of voting. Voting rounds continue until a taxonomic lineage leaf is reached
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or the plurality supporting vote does not exceed the threshold. If a round of vot-

ing does not exceed the specified support threshold, the interpolation stops and

the last rounds taxonomic lineage vote is returned for the query.

3.2.3 Rank-Specific Relative Abundance Estimation

Converting higher level taxonomic annotations, such as the rank “family”, to a

lower desired rank annotation, for this example the rank “species”, can produce

erroneous results if one does not account for differences in genetic diversity across

different levels of the taxonomic tree. The ideal case is that all the classifiers in

SHOGUN report a rank-specific taxonomic profile at the species level so that the

resulting profiles can be compared fairly. However, some of the alignment tools,

such as Bowtie2 and BURST taxonomy, and UTree k -mer classification produce

profiles that are rank-flexible and require summarizing to a specific level. In order

to redistribute a rank-flexible profile to a rank-specific profile, SHOGUN implements

the principle of empirical Bayesian redistribution of reads in a similar fashion to

the Bracken [63] algorithm. The algorithm redistributes annotations at lower-

resolution levels of the taxonomic tree to a specific higher-resolution according to

each taxonomies uniqueness, number of assignments in the profile, and the median

reference genome length.

The major difference between the original Bracken algorithm and the redistri-

bution algorithm for SHOGUN is how the uniqueness probabilities U are calculated

for each respective taxonomy i in the database. In Bracken, each genome in

the database has a length in base-pairs L. Each genome is then sheared with a

sliding window of size r and step size of s = 1 creating (Li + r + s) taxonomic

annotations for each genome classified by Kraken [23]. In SHOGUN, we exchange

the classification tool Kraken with the optimal alignment tool BURST. We set
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BURST to recover all tied-best alignments above a 98% alignment identification,

set the window size r = 100, and increased the step size s = 50 for the shearing

of the genomes. When capitalist resolves its taxonomic assignments, we assigned

the taxonomic annotation to be the last common ancestor of the genome that

the sheared read was taken from and the genome that was classified. This holds

the advantages that BURST can recover the locations of genome redundancy, ob-

tain higher precision in classification of reads, and allow the relative abundance

re-estimation to be provided through the tools used within SHOGUN to remain

consistent.

3.2.4 Gene Abundance Profiling

Gene abundance profiles can be obtained two ways, either by prediction from

the taxonomic profile or through direct metagenomic observation of annotated

genes. Gene prediction profiles are obtained as designed by the PICRUSt [39]

algorithm. For gene prediction, a mapping file is required that specifies the genes

present and their respective copy-number for each genome in the database. The

gene prediction algorithm also requires a normalized, rank-specific profile obtained

through the SHOGUN taxonomic abundance pipeline described previously. The gene

mapping is summarized to the same level as the taxonomic profile using the median

number of each gene in the taxonomic clade. The genes mapping file is multiplied

by the taxonomic table to create a gene abundance profile and normalized to sum

to one as a relative abundance profile. The direct observation of genes pipeline

requires a SHOGUN database of genes and a gene annotation mapping file. The

SHOGUN taxonomic profiling pipeline is then used to map metagenomic reads to

annotated genes in the database.
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3.2.5 SHOGUN Database

To validate the performance of the pipeline, we selected representative genomes

from bacteria, archaea, and viruses from the publicly available RefSeq nucleotide

database version number 82 (Rep82) [49]. Explanations of the microbes present

in this reference genome database are shown in table 3.1. We identified genes

using UniProt [64] annotations obtained by running Prokka [65] on all the bacte-

rial genomes and mapping them to Kyoto Encyclopedia of Genes and Genomes

(KEGG) [45] annotations. The contaminate database was the human genome

assembly obtained from the Genome Reference Consortium Human Build 38

(GRCh38) with no alternate scaffolds [66].

Kingdom Number of Genomes Megabase pairs (Mbp)
Archaea 238 627,101.26
Bacteria 4,884 19,308,087.26
Plasmid 614 198,476.94
Viroids 46 15.50
Viruses 7,194 253,668.36

Total 12,976 20,387,349.32

Table 3.1: The number of strains and megabase pairs for each kingdom
for all representative archaea, bacteria, and virus sequences in RefSeq
version 82 (Rep82). Each entry in the database is assigned a unique taxonomic
string identifier at each level in the taxonomic tree down to strain. Each strain
is a given a unique entry so that BURST capitalist properly disambiguates reads
that hit multiple strains for taxonomic profiling and coverage analysis.

3.2.6 Simulated Human Microbiome Data

To test each internal alignment engine’s accuracy of relative abundance estima-

tion of metagenomic communities, we created a simulated community with known



43

species level taxonomy. The data were simulated according to abundances ob-

tained from Human Microbiome Project using the top 100 most abundant species

from each general body habitat according to the original study’s results [67].

Reads were simulated from a strain of those species according to the average pro-

portion of that taxonomy in their respective group using the tool dwgsim [52].

The reads were simulated with default settings for Illumina single-end sequencing

machines with a 5% mutation rate where 2% of mutations were deletions and a

maximum amount of ten ambiguous bases per query sequence. The two tools out-

side of the SHOGUN framework utilized were Kraken [23] and Centrifuge [24] and

for a more complete benchmark of accuracy please compare the relative accuracies

to the [68] evaluation. The alignment methods were evaluated using F1-scores,

the average of precision and recall, of the known species assignment versus the

identified species on a per query basis.

To validate the profilers on a community level, we rarefied each of the com-

munities at various depths. This was done because the taxonomic profiles with a

redistributed rank-specific profile can result in different profiles at different depths

depending on the number of reads assigned to each taxonomy. To compare the

profiled and simulated community, we used the Jaccard similarity and the Spear-

man correlation metrics. Each of the human oral, skin, and stool microbiomes

were re-sampled with replacement ten times at each power of ten, starting at

ten-thousand and ending at ten-million queries.

Simulated Timing Data

Each of the taxonomic assignment methods were also evaluated for speed and

memory usage using the query sequences from the Kraken timing dataset and the
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Rep82 reference database. The dataset contains a total of 10 million reads simu-

lated for three different query lengths n to reflect current sequencing technology

(n = 50, 100, 150).

Software Availability

The following benchmarked tools were installed from the Anaconda channel “knights-

lab” using versions SHOGUN=1.0.5, Utree=2.0rf, and BURST=0.99.7f. The rest of

the tools were installed from the Anaconda channel “bioconda” with versions

Bowtie2==2.3.4.1-0, Kraken=1.1-1, Centrifuge=1.0.3-2, and dwgsim=1.1.11-5.

3.3 Results

The purpose of the benchmark data was to measure the performance of the SHOGUN

pipeline WGS data in comparison to other similar tools. The simulated timing

data were run with each taxonomic profiler: SHOGUN BURST, SHOGUN Bowtie2,

SHOGUN UTree, Centrifuge, and Kraken. Each classifier were evaluated for its

precision and recall on a per read basis using the simulated human microbiomes,

then averaged into its F1 scores as shown in figure 3.2. The alignment classifiers

SHOGUN Bowtie2 and Burst were tuned to a percent identification threshold of

p = 0.95, 0.98. The trade-off for lowering the percent identification threshold

is increased alignment time and recall but decreased precision. However, in the

simulated data, a percent id of p = .95 greatly increased each aligner’s F1 score

(SHOGUN BURST p = 0.95, F1 = 0.969, SHOGUN BURST p = .98, F1 = 0.746,

SHOGUN Bowtie2 p = 0.95, F1 = .938, and SHOGUN Bowtie2 p = 0.9, F1 = 0.739).

The results of the community validation analysis in terms of Jaccard similar-

ity and Spearman correlation are shown are shown in figure 3.3. Both Jaccard
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similarity and Spearman correlation were saturated between 10 thousand and 100

thousand taxonomy alignments per sample. Most of the profiling tools performed

similar, however, the Kraken tool performed worse without the empirical redistri-

bution of reads of the Bracken tool.

Each of the runtime and memory requirements for each profiler were evaluated.

The memory usage of each profiler is shown in figure 3.4.A. The reads per minute

with increasing number of threads per process is shown in figure 3.4.B.

3.4 Discussion

The results of the simulated communities showed that overall, with some fine

tuning, each of the taxonomic profiling tools were able to properly recover the

correct relative abundance communities. In terms of computational resources, the

alignment free tool UTree was the fastest in terms of reads per minute and used

significantly less memory than the other tools. In terms of accuracy, a properly

tuned SHOGUN BURST pipeline had the highest overall accuracy. A summary of

the findings for each of the tools is displayed in table 3.2.

3.4.1 Future work

Herein we proposed data-efficient methods for species-level resolution taxonomic

profiles in shotgun metagenomic datasets. The objective of taxonomic profiling

tools for analyzing shotgun data is to be as data efficient as possible of the query

sequences. Below we outline some areas of exploration that have the potential

to provide key discoveries in increasing the reproducibility and accuracy of WGS

surveys with shotgun data.
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Figure 3.4: The results of the speed and memory profiling showing that
optimal alignment is within an order of magnitude of other sequence
classifiers and scales efficiently across multiple cores. (A) The maximum
resident size set (RSS) in Gigabytes of each of the aligners with the Kraken timing
dataset. The horizontal red line depicts the size of the original Rep82 database.
(B) The scaling and efficiency in reads per minute of each of the aligners across
many threads per process. Tools were selected based on an open-source codebase,
ability to make a custom reference database, and an output file containing map-
pings per sequence. The two tools outside of the SHOGUN framework utilized were
Kraken [23] and Centrifuge [24].
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Percent identification tuning

The alignment algorithms only return valid hits above the percent identification

specified by the user. Lowering the percent identification threshold will boost re-

call but result in higher running time and lower precision. Furthermore, the per-

cent identification threshold is highly dependent on the reference database used

and the metagenomic community sequenced. Exploring different percent iden-

tifications for different environments and databases is recommended for optimal

taxonomic profiles in shotgun sequencing.

Reference database

The reference database that was used was a full genome reference database with

manually annotated taxonomic distances. These genomes also do not currently

contain the full set of annotated coding regions, rendering it complicated to pre-

dict the functional repertoire of genes. Furthermore, the taxonomic distance of

genomes in the database is not evenly spaced, leading to large regions of taxo-

nomic lineages that are interdependent. Exploration of different reference genome

databases and their pros and cons for shallow-shotgun sequencing could lead to

higher alignment rates and increased accuracy. Furthermore, annotating reference

genomes in a database for their known functional genes present will allow SHOGUN

to predict functional genes present in a metagenomic community.

Coverage per microbe analysis

Often times, false positive microbes are identified at very low abundance when

using taxonomic profiling tools. These microbes are usually filtered out through

prevalence or abundance thresholds. However, sometimes microbes may exist at
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very low depths and their presence or absence is crucial for the microbial commu-

nities. Rather than an abundance or prevalence filter, rare microbes and spurious

hits can be filtered out through coverage analysis of place of alignments on the

genome. An evenly covered genome most likely means that the microbes does

exist in the sample. However, a genome that only has a single gene completely

covered is most likely not present but rather indicates a mutation in the gene of

another microbe that is present. While this analysis is implemented in SHOGUN,

coverage cutoffs were not properly identified due to lacking of labeled mock com-

munities. Exploring coverage based microbes filtering could impact the precision

of taxonomic profilers.

3.4.2 Conclusion

Taxonomic and gene abundance profiling is a standard step in quantifying the

members of a microbial community. The pipeline SHOGUN performs these steps

in an accurate, reproducible and efficient manner with metagenomic WGS data.

The standardization that comes with SHOGUN will accelerate the scientific discovery

extending our ability to understand the complexities of microbial communities and

their influence across a broad range of ecosystems.



Chapter 4

Classifying Reference Genome

Presence

4.1 Introduction

Metagenomic experiments characterize the microbial community of an environ-

ment using high-throughput DNA sequencing, allowing us to study the ecology of

both culturable and unculturable biological communities. These microbial com-

munities vary vastly in composition and include the microbes colonizing humans,

animals, plants, and environments such as soils, oceans, and sediments [69]. High-

resolution whole-genome shotgun sequencing (WGS) is one technique becoming

increasingly popular to profile the communities of these various environments. Ad-

vancements in WGS sequencing technology for use in metagenomic experiments

have many benefits, including decreased costs, increased scalability, and higher-

resolution taxonomic profiles that can detect microbes from all domains of life [17].

However, with this new metagenomic-profiling technique comes many new quan-

titative challenges. Accurately identifying the presence or absence of reference

52
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genomes present within metagenomic-profiled samples remains a key quantitative

challenge.

4.1.1 Motivation

For many metagenomic experiments, one of the primary characterizations used in

the analysis is a taxonomic profile of the taxonomies present and their counts or

relative abundances in a sample. Taxonomic profiles are typically organized into

large tables, where the columns represent taxonomic features, the rows represent

samples, and the values represent the respective abundances, either as counts or

relative abundances.

Many strategies exist for creating these taxonomic tables. A common strategy

for quantifying a taxonomic table is to search the sample’s DNA sequences against

a database of taxonomically classified reference genomes [70, 71]. The taxonomic

profiler then counts each query DNA sequence that matches uniquely to a refer-

ence genome. However, many of the query DNA sequences do not match uniquely

to a single reference genome. This ambiguity is partly due to many shared genes

and other regions of DNA between genomes in the reference databases and exac-

erbated when an observed species does not have an exact representation in the

database. If a query DNA sequence matches multiple reference genomes, the

profiler summarizes the taxonomic features at multiple ranks creating a rank-

flexible taxonomic table. Several disambiguation schemes are known to create a

rank-specific taxonomic table at the highest-resolution possible taxonomic rank,

usually at the species- to strain-level for WGS datasets [63, 48, 72].

Once the profiler tallies each of the rank-specific taxonomic features, each

sample’s total counts can be normalized to account for the sampling process of

sequencing, where many of the samples might have differing sequencing depths.



54

A conventional method is to rarefy each sample’s sequencing reads to a standard

depth and then normalize each sample’s counts to sum to 1 as a relative abundance

table [73].

Researchers utilize rank-specific taxonomic profiles to associate the features

with an outcome variable of interest, such as Crohn’s disease status in a hu-

man gut microbiome [74]. Researchers use a statistical differential-abundance

test to detect microbes that are significantly associated with a disease state [75].

Differential-abundance tests are done for each taxonomic feature and are typically

adjusted using a multiple-hypothesis correction for false-positive reductions. To

help further filter the data and reduce false-positive associations, researchers often

drop very rare taxonomies below a certain average relative abundance threshold

[76, 77]. They will also drop taxonomic features with a low prevalence: taxonomic

features that do not meet a minimum relative abundance in a certain percentage

of their samples [78]. These taxonomic feature filtering steps effectively reduce

some false-positive associations. However, they may fail to remove some spurious

species and may also introduce false negatives by removing low-abundance species

that are nonetheless genuinely present. For example, as shown in ( figure 4.1),

relative abundance can be misleading if there are two species from the same genus

present in a sample, as there can be high relative abundance but only sporadic

coverage of the genome due to shared DNA in the reference genomes.

To our knowledge, there exists no formal assessment of a standard minimum

relative abundance threshold, so researchers choose the threshold at their discre-

tion. An alternative approach to controlling false positive strain identification in

metagenomic samples is to rely on a predetermined set of marker genes [21, 22].

This approach helps control false positives, but it only utilizes a small fraction of

the input data because it ignores any DNA that does not match one of the marker
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Figure 4.1: Coverage distribution profile of two species within the genus
Listeria. These coverage profiles show the distribution of alignments (y-axis)
along base-pairs of the genomes (x-axis). Both of these species of Listeria have
a large number of alignments. However, the coverage distribution profiles show
that only Listeria monocytogenes are likely to present in the sample. (A) A fairly
uniform coverage of Listeria monocytogenes indicates that this species is most
likely present. (B) Highly dispersed coverage distribution of Listeria innocua
indicates that this species has shared genes with a species present, but this genome
itself is not present.

genes.

Our goal in developing this algorithm was to enable improved false positive

control in metagenomic sequencing while retaining the sensitivity of complete

genome direct alignment methods. To address this challenge in taxonomic pro-

filing, we propose a machine learning-based approach to classify the presence or

absence of reference genomes in metagenomic samples. We hypothesized that a

machine learning-based approach would accurately identify presence or absence

in metagenomic sequencing taxonomic profiles. A machine learning approach

would apply simplistic relative-abundance thresholds and learn their interactions

with sample-specific features for each genome, such as smoothed genome cover-

age and database metadata features, such as the genome length and phylogenetic
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distance, to neighbors of each reference. Using features more sophisticated than

relative abundance should also have the benefit that increasing sequencing depth

would increase information about the presence or absence of a given genome. If

an algorithmic approach can confidently identify the presence or absence of ref-

erence genomes, the increase in accuracy will cascade down to the abundance

aggregation, read disambiguation schemes, and lower false positives and negatives

in differential abundance testing [79, 63].

4.2 Methods

We evaluated the primary outcome as creating a machine learning classifier to

classify the presence or absence of a reference genome from an environmental WGS

metagenomic dataset. In ( figure 4.2), we outline the entirety of our approach,

beginning from a set of WGS sequencing reads of an environmental sample and

ending with a trained machine learning classifier.

4.2.1 Machine Learning Training and Testing Datasets

Mock Communities

For our purposes, mock communities are metagenomes that are a mixture of known

microbial isolates or strains, which then have the DNA of the mixed community

sequenced for benchmark purposes. Therefore, each microbe in the mock commu-

nity is known and has a corresponding assembled reference genome. We selected

several mock communities with publicly available reference genomes and raw iso-

late sequencing data, where the mock communities were sequenced on Illumina

machines. These communities had varying isolate mixture distributions. We will

refer to them as “even”, if they are equally mixed, and “staggered”, if they are
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Figure 4.2: Schematic for training the presence-absence machine-learning
classifier. (A) The pipeline calculates the features from the alignment of the
query sequences to the database. (B) The pipeline calculates the database-specific
metadata features, such as genome length, for each reference genome with an
alignment. (C) The features, including the database, sequence alignment, and
tree-derived features, are collated by the pipeline into a tidy machine learning
dataset. This table has a row for each reference genome and sample combina-
tion, and a column for each derived feature. Every row is a genome that has
a known presence-absence indicator. We then divide the dataset into a training
and testing set. (D) We train a presence-absence machine-learning classifier in
a cross-validation scheme on the training dataset. The pipeline utilizes the set-
tings of the best performing machine learning classifier on the cross-validation
to retrain a final classifier on the entire training dataset. (E) We use the best
performing classifier evaluated on the training set and evaluate the performance
of the pipeline on the held-out testing set.
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unequally mixed. These mock communities for the training set are the dual-index

community (Dual-Index) [80], the genome spike in the community (GIS20) [81],

the human microbiome project communities (HMP) [67], and the Mock Bacteria

ARchaea Community (MBARC26) [82]. The mock community for the testing set

was the Zymo [83], chosen for the testing set because it contains both an even

and staggered community. The complete list of mock communities, including

the training and testing set split, as well as their respective data availability, are

described in ( table 4.1).

Simulated Communities

We simulated communities with similar diversity to human skin, oral, and gut mi-

crobiomes to enhance our training and test sets with the distribution of microbes

as similar as possible to real-world microbiomes. We selected these simulated com-

munities’ DNA reads from Illumina shotgun assembly sequencing runs on isolate

strains from the sequence read archive (SRA) included as a complete or refer-

ence genome in RefSeq release version 202 [49]. In total, we simulated 10 million

DNA reads per microbiome, with differing numbers of reference genomes (20, 40,

100) and Shannon entropies (2.665, 2.067, 1.663) emulating saliva, skin, and stool

microbiomes, respectively, as described in ( table 4.1) [84]. We replicated each

simulated community six times, divided into three for the training and three for

the testing set. This approach allowed us to simulate mixed communities using

the real-world sequencing profiles of the individual strains, thus incorporating all

of the naturally occurring sequencing artifacts, such as biased sequencing coverage

along each genome according to varying DNA guanine-cytosine (GC) content.
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Real World Dataset

To demonstrate the utility of our machine learning pipeline, we downloaded and

completed a full taxonomic profile analysis of a human gut metagenomic dataset

(PRJEB40960) [85]. In our investigation, we tested for differentially abundant

species in patients that developed neutropenic fever (NF). This dataset included

49 patients, of which 31 developed NF. To test for differential abundance, we

used the analysis of the composition of microbes test (ANCOM) [75], correcting

multiple hypotheses using a false discovery rate adjustment with a significance of

0.20 [86].

4.2.2 Machine Learning Pipeline

Features

In total, we evaluated 34 potential features for the machine learning pipeline. We

categorized the features into three different subgroups depending on the origin

of the calculation of the features. The first category, known as alignment-based

features, is derived from aligning the query sequences to the reference database

(GTDB version R95). These alignment-based features include number of align-

ments to the reference genome, expected coverage of the reference genome based

on relative abundance and genome length, and Shannon entropy of the coverage

distribution. The second category, known as database metadata features, is de-

rived directly from the reference database independent of the query data. These

database metadata features included the reference genome size, a genome com-

pleteness score, and the number of contigs of the genome. The final set of features,

known as tree-based features, is derived from the nearest neighbor to a given ref-

erence strain on the taxonomic tree. These tree-based features included each of

https://www.ebi.ac.uk/ena/browser/view/PRJEB40960
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the previous features for the nearest neighbor on the taxonomic tree. The mo-

tivation for these neighbor-based features was to provide information about how

ambiguous the profile of matches was to a given reference strain. For example, if

reference strain A has a decent alignment profile, but a closely related neighbor

strain B has an even better alignment profile, that may decrease the likelihood

that strain A is truly present.

Machine Learning Models

We performed predefined-split cross-validation, one for each of the datasets, on

the training dataset to train the machine learning pipeline. We used an au-

tomated machine learning method, known as Tree-based Pipeline Optimization

Tool (TPOT) [87], to narrow down our list of potential models, run feature se-

lection, and optimize hyperparameters. We utilized most of the recommended

configuration settings from TPOT, except that we modified each classifier to have

their automated class imbalance handling setting, if possible. The best perform-

ing classifier from the cross-validation set, the extra-trees random forest classifier

[88], was used to make predictions on the test set. For feature selection, we imple-

mented a recursive-feature elimination schematic on the training dataset. Finally,

to evaluate the current filtering practices and create a baseline model, a logistic

regression model was trained, with the only feature being relative abundance.

Although our primary focus was acquiring accurate predictions from our ma-

chine learning models, we were also interested in understanding why our model

made the predictions that it did. To evaluate the effects of features of the data on

the classifier, we used the SHapley Additive exPlanations (SHAP) library [89, 90].
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Evaluation Metrics

We were interested primarily in reducing the number of false-positive identified

reference genomes in a taxonomic profile, with minimal impact on the false-

negative rate. Because there are relatively few genomes present in a given sample

when compared to a notable number of potential reference genomes present in

the database, there was a large class imbalance in the ratio of positive (present,

minority class) and negative (not present, majority class) cases per sample. To ac-

count for this class imbalance, we focused on precision and recall as our evaluation

metrics, with our primary evaluation metric being mean average precision (AP)

[91] on a precision-recall curve. The evaluation metric average precision is less

sensitive to class imbalance than other evaluation metrics, such as the commonly

used receiver-operator statistic area under the curve (ROC AUC). For example,

let us suppose the minority class has few samples compared to the majority class,

as in our case with the number of actual genomes. In that case, the ROC AUC

tends to overestimate accuracy by overly weighting the true-positive and false-

positive rates of the majority class. By contrast, the average precision metric will

allow us to evaluate the classifier’s performance focusing on the minority class.

4.2.3 Metagenomic Sequencing Processing

An Illumina machine sequenced every raw WGS metagenomic sample. The shi7

learning module ran quality control for each of the sequencing runs [18]. The

BURST algorithm aligned the sequencing reads to the reference database [48]. We

set a minimum alignment identity of 0.98 and multiple alignment disambiguation

with the BURST capitalist mode. The capitalist mode reported all queries with

a unique best alignment at 98% identities or above. If there were ties for the
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best alignment, then the algorithm distributed these to the reference genomes to

minimize the total number of reference genomes required to explain all alignments.

The database we used for all of the analyses was the Genome Taxonomy

Database version R95 (GTDB) [92, 93]. This database has reference genomes tax-

onomically classified to the species level, and each species cluster must be at least

95% unique. Note that not all genomes in the mock and simulated metagenomes

have an exact representative genome in the reference genome database. In order to

get the actual presence-absence labels in these cases, we found the nearest species

representative in the reference genomes using the GTDB-toolkit (GTDB-Tk) as

outlined in figure 4.3 [94]. We required a minimum average nucleotide identity

(ANI) of at least 95% for a genome to be considered a member of a given species.

Refseq/GenBank
assembly 
accession

(n=123)

Present 
in 

GTDB?

Yes

No

Calculate GTDB-TK 
closest reference

Use this 
reference as the 

true label
(n=100)

Use this 
reference as the 

true label
(n=23)

Figure 4.3: Process for getting the nearest species representative for
an assembled genome. First, the assembly accession is searched for an exact
match in the reference genome database. If no exact match is found, the nearest
taxonomic cluster is assigned using the GTDB-Tk.
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4.2.4 Software Availability

All code for training, testing, and applying the machine learning pipeline to

new data, as well as any additional code required to reproduce the analyses in

this manuscript, are available on GitHub at https://github.com/knights-lab/

type_1.

4.3 Results

Our primary evaluation methodology was to determine the best classifier on the

training set using cross-validation, train the classifier on the whole training set,

and then evaluate the classifier according to AP on the testing set. Our secondary

investigation was to determine the most predictive features for classifying presence

or absence and investigating the interaction between coverage and number of

alignments to the reference genome. We were also interested in the minimum

coverage and number of alignments to a reference genome required for a true-

positive association to be detected.

4.3.1 Extra Trees Classifier Outperforms Baseline Model

The automated machine learning evaluation showed us that the pipeline con-

taining an extra trees classifier performed the best in terms of average precision

(AP = 0.97±0.03) on the train set as shown in ( figure 4.4) and ( table 4.1). This

model outperformed the baseline logistic regression model of (AP = 0.80± 0.13).

The pipeline’s first step was a recursive feature selection schematic to eliminate

correlated, low variance, and low predictive power features. The extra trees clas-

sifier utilizes the resulting filtered feature set. The extra trees pipeline also per-

formed well on the test set (AP = 0.94 ± 0.04), significantly outperforming the

https://github.com/knights-lab/type_1
https://github.com/knights-lab/type_1


64

baseline logistic regression model (AP = 0.68± 0.02).

A

B

Figure 4.4: Precision-recall curves for the the testing and training set.
(A) The highly-tuned classifier greatly outperformed the baseline model on all of
the training datasets during cross-validation. (B) The precision-recall curves on
the testing set show the highly-tuned classifier greatly outperforming the baseline
model.

The recursive feature selection schema showed that using 11 out of the 34

candidate features had the best performance in terms of average precision, as
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shown in (figure 4.5). The most noteworthy feature of SHAP predictive values was

the largest gap with no alignments in the reference genome. An extensive coverage

gap showed a positive correlation with the classifier classifying the genome as

absent. The second most influential feature was the percent binned coverage of

each genome. The feature aggregator calculated the percent binned coverage by

dividing each genome into 10 thousand bins, and the number of bins with at

least a single alignment is considered covered. The SHAP values indicated that if

there was a high coverage of the reference genome, there was a significant positive

impact in predicting the presence of a reference genome.

We were also interested in evaluating the machine learning model’s perfor-

mance on reference genomes with low coverage or a low number of query align-

ments. We conducted this analysis to understand the detection limit for rare

species at a given depth of sequencing. The logistic regression model results

showed that any reference genome with a relative abundance greater than 0.0006

would be considered present. The logistic regression (AP = 0.031) model accu-

racy is outperformed by the machine learning classifier (AP = 0.865) on reference

genomes below (n = 30, 718) the relative abundance threshold (relative abundance <

0.0006) which the logistic regression model would always classify as absent. The

accuracy of the logistic regression (AP = 0.645) was also outperformed by the

machine learning classifier (AP = 0.946) on reference genomes above (n = 2, 389)

the relative abundance threshold. In order to find the thresholds for accurate

classifications in terms of hits, relative abundance, and coverage of a reference

genome, we investigated the average precision of reference genome samples above

or below a specific feature threshold as shown in (figure 4.6). For example, in

terms of accuracy above a feature threshold, references with at least 1,000 hits
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A B

C D

Figure 4.5: Coverage features have the highest effect on classifier pre-
dictions. (A) The line plot shows the performance of the model in terms of
average precision over an increasing number of features. (B) A SHAP summary
plot in order of features that have the most impact on the model’s predictions.
The percent uncovered region has the highest impact on the model. (C) Scat-
ter plot showing the performance of the model across all values of the percent
binned coverage feature. Higher values of coverage showed a high likelihood of a
true-positive classification. (D) Box plot showing the distribution of performances
according to SHAP impact on model classification.
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to them (n = 1, 153) were able to be accurately identified (AP = 0.962). Fur-

thermore, the machine learning pipeline could accurately classify (AP = 0.961)

presence and absence at a percent binned coverage of at least 0.11% (n = 1, 027).

The machine learning classifier achieved highly accurate classifications for val-

ues for a lower-bound threshold for hits, percent binned coverage, and relative

abundance, indicating a significant amount of evidence obtained for classifying

presence-absence for genomes with high values for these features. However, it re-

quired an upper-bound threshold of 1,204 alignments to a specific species reference

genome to achieve at least 95% accuracy in terms of average precision of the entire

cohort of reference genomes. This result shows that for a sequencing depth of 10

million reads, the machine learning classifier would accurately assess the presence

of a specific microbial species if it has a relative abundance of at least 0.012%.

In this example, to obtain targeted analysis for species below the 0.012% relative

abundance threshold, it is advised to adjust sequencing for a higher depth.

In ( figure 4.7), we show the results of the machine learning pipeline filtering the

presence-absence of microbes on a metagenomic dataset. In each sample-genome

combination in the entire dataset, there was a total of 131,133 presence absence-

decisions to be evaluated. The machine learning pipeline classified 3,665 genomes

as present with a presence classification rate of 2.7%. In the entire dataset, the

machine learning pipeline identified a total of 695 unique genomes across all of

the samples, 62 of which were not identified by the logistic regression model.

The baseline logistic regression identified an additional 385 genomes as present

that the machine learning model identified as absent, resulting in a total of 1,020

genomes present for the logistic regression model. Both of the filtering methods

identified one species as being significantly different between the neutropenic fever

outcomes. In addition, with the greater power awarded by multiple-hypothesis
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with fewer hypothesis, the machine learning model was able to identify three

more significantly different species between outcomes.

4.4 Discussion

In this research, we built a machine learning classifier as a solution for identifying

the presence-absence of reference genomes in WGS metagenomic datasets. To

our knowledge, this is the first machine learning classifier used as a solution to

this problem. We found that our trained classifier could outperform a baseline

classifier that emulated a common practice of creating a relative abundance filter.

Our method showed that the machine learning classifier could take advantage of

the complex relationship between number of alignments to a genome and statistics

about the coverage distribution profile to classify presence-absence accurately.

Interestingly, despite prior studies often using relative abundance as the pri-

mary determinant of presence-absence, our pipeline did not select it as a feature in

the final machine learning pipeline. We showed that our machine learning pipeline

was able to achieve accurate predictions with as few as 800 aligned queries for a

given genome, and with genomic coverage as low as 0.1%. These results show the

performance of our classifier on metagenomic samples.

4.4.1 Future Work

There are some limitations to consider for the application of this study to real-

life data sets. Importantly, we have not assessed the accuracy of this study at

taxonomies below species level, namely to the strain- or sub-strain taxonomy

classification. The GTDB imposes this limitation, as the GTDB clusters reference

genomes as representative species at the 95% similarity level. Furthermore, there
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is a lack of publicly available data from mock communities containing multiple

closely related strains. The machine learning pipeline is currently limited to the

GTDB database because several of the features rely on the metadata provided with

that database. We utilized an optimal alignment method, so researchers using

approximate or heuristic aligners may observe decreased performance. It would be

interesting to vary the reference database and the method used for DNA alignment

in future work. Finally, the inclusion of long-read sequencing technology such as

PacBio or Nanopore shows promise in alleviating the false discovery alignment

of genomes in metagenomic profiles. Combining long- and short-read sequencing

runs in metagenomic datasets could be an alternative approach to solving the

problems of false positive and false negative strain identification that we observe

with only short-read sequencing.

4.4.2 Conclusion

In summary, we developed and created a novel machine learning pipeline for de-

termining the true presence-absence of a reference genome in WGS metagenomic

datasets. We rigorously trained and evaluated our pipeline on mock, simulated,

and real-world WGS communities. We expect this model to reduce noise and

false positives in future metagenomic studies by allowing researchers to determine

with confidence which species are present in a given sample using a principled and

data-driven approach.
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A B

C

Figure 4.6: Performance of the machine learning shows accurate classifi-
cation across low number of alignments and coverage of genomes. These
plots highlight the ability of our machine learning pipeline to accurately classify
low-abundant microbes, with increasing accuracy as the depth of sequence sam-
pling increases. Stacked bars show the distribution of species presence-absence.
Note that the distribution of the feature is log10 for clarity because, at low abun-
dances and coverage, almost all reference genomes are not present depicted on the
left y-axis. The x-axes are each a different feature in the dataset. There are four
lines on each plot measured in terms of average precision on the right y-axis. The
blue lines show the machine learning classifier, while the orange lines show the
baseline classifier. Each of the lines reflects accuracy on samples either above or
below the specified threshold. (A) The machine learning classifier accurately clas-
sifies low-relative abundance genomes. (B) This plot shows the accurate machine
learning performance on a low number of query alignments hits to a reference
genome. (C) This plot shows accurate machine learning classification accuracy at
low percent binned coverage of the genomes.
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BSI -                                       BSI +

A B

C

Figure 4.7: The machine learning pipeline is able to determine signifi-
cantly associated species not identified by the logistic regression model
on the NF dataset. (A) Scatter plot showing the differential abundance of
reference genome species. The blue box depicts all reference species identified as
significantly different at a false discovery rate of 0.2. (B) A stacked bar chart
showing the proportion of reference species as present or absent by the baseline
and machine learning model. (C) A scatter plot showing model and baseline clas-
sification of reference genomes stratified by percent binned coverage and relative
abundance.



Chapter 5

Application of Shallow-Shotgun

Metagenomic Profiling

Techniques
1

A healthy, adult human gastrointestinal tract is host to millions of microbes, and

the collective taxonomy encompasses a diverse composition of archaea, bacteria,

fungi, protozoa, and viruses [8]. The composition of the human gut microbiome is

personalized, varying widely across individuals. A combination of environmental

factors and host genetics drive the individuality of each human gut microbiome’s

composition and dynamics [9].

Many studies have shown that the human gut microbiota is a critical com-

ponent in an individual’s overall health [12, 96, 54]. Maintaining or restoring a

healthy microbiome is essential for treating certain diseases. For example, restor-

ing the human gut microbiome towards a healthy state has proven an effective

1A version of this article has been published [95]. BH aided in the software development,
data analysis, writing, and editing of the original manuscript.

73
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long-term treatment of Clostridium difficile colitis [97] and irritable bowel syn-

drome [98]. In other diseases, such as ulcerative colitis, microbiome therapy has

proven to alleviate symptoms but not entirely prevent remission, suggesting that

the microbiome is not the pathological source of the disease [99]. The conclusions

of all the earlier studies call for more extensive cohorts to be warranted to solidify

their results and suggest individualized therapy efficacy.

The microbes do not exist in isolation; instead, they form complex ecological

interactions [100]. A common objective of metagenomic sequencing studies is the

accurate prediction of these ecological microbe-microbe interactions from observa-

tional population abundance data [101]. The process of inferring a co-occurrence

or correlation network from observational data is known as ‘network inference.’

Specifically, previous work shows that dynamic Bayesian networks (DBNs) can

accurately infer microbe-microbe interactions and predict future changes to the

microbiome community [102, 103, 104]. If researchers accurately infer an ecologi-

cal network of underlying community ecosystems, it will provide a static snapshot

of the community structure. Researchers can then use the ecological network to

develop a dynamic microbial growth model, which would allow the inference of

community stability, the effects of intervention and perturbation to the commu-

nity, and population succession [105]. The main goal of these network methods

is to produce accurate hypotheses of the overall health of a community, what

the community structure looks like over time, and identify potential targets for

intervention to establish the dynamics of the human gut microbiome.

5.0.1 Dietary Impact on the Human Gut Microbiome

Previous studies have shown that diet is a significant factor in explaining micro-

biome variation [76]. For example, researchers have shown dramatic shifts in the
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microbiome composition after changing from an animal-based to a plant-based

diet [16]. Several studies have demonstrated the effect of a strict dietary plan,

summarized as Western, Mediterranean, or Gluten-free diets, and its dramatic

shifts on microbiome composition [106]. Several targeted studies have also as-

sessed the impact of the specific nutrients on microbial abundances [107]. These

studies demonstrate the influence of diet on the microbiome, outlining a potential

approach for microbiome mediation. However, the research on the effect of most

foods and nutrients in shaping the microbiome is still ongoing.

The relationship between diet, the gut microbiome, and health suggests a

method for modulating our health through an increased understanding of the

dynamics of this relationship. To investigate the relationship between dietary

intake and microbiome dynamics, we applied the methods described in this thesis

to our previously published daily shallow-shotgun metagenomic dataset [95]. Each

sample also contains a 24-hour dietary recall record, allowing us to explore the

relationship of diet-microbiome dynamics through a DBN model systematically.

5.1 Methods

Our primary aim is to establish our presented tools’ utility by building a more

comprehensive reference database than at the time of original publication and ap-

plying our methods outlined in this thesis to generate highly accurate, taxonomic,

and functional profiles. We outline all of our methods, and software, and data

availability in table 5.1. For a full overview and in-depth details of the sample

collection, please see the original paper as submitted by Johnson et al. [95]. To

clearly delineate work that was done in the original study, we utilize the use of

quotations. We outline all of the deviations from the original data analysis study
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here without quotations. Most of our added variations occur in the processing of

taxonomic and functional profiling utilized.

Our secondary aim is to review diet’s impact on microbiome variation and

develop potential diet-microbe interactions. We are uniquely positioned with this

dataset, as the cost-effectiveness of shallow-shotgun metagenomic sequencing al-

lowed for dense longitudinal microbial sampling. Furthermore, the subjects’ diets

were unrestricted, with everyone being healthy, potentially allowing the discovery

of any food-microbe interaction in a robust DBN approach in this healthy cohort.

All work completed towards our second aim is novel.

5.1.1 Study Design

Our shallow-shotgun methods enabled the completion of a complete metagenomic

survey. From Johnson et al. [95]:

The study also included a 10-day, parallel, double-blind intervention

trial to test the impact of medium chain triglycerides (MCTs) com-

pared to long chain dietary triglycerides from extra virgin olive oil

(EVOO) on microbiome composition. As there were only null findings

from all tests for associations between MCT or EVOO supplementa-

tion and the microbiome, this manuscript focuses on the analysis of

overall diet-microbiome covariation using all available samples.

Since the original findings were null, the original report focused on the analysis of

overall diet-microbiome interaction, and that is the focus we continued on here.

However, we do include the supplementation type within our network inference,

as our updated database and methods may discover some novel interactions.

We were able to measure this relationship between habitual dietary intake and
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daily microbiome variation using dense, longitudinal diet-microbiome data. From

Johnson et al. [95]:

To characterize the longitudinal relationship between diet and micro-

biome composition, we collected dietary intake data and fecal samples

from 34 subjects for 17 consecutive days. Daily food records were

collected using the automated self-administered 24-hour (ASA24) di-

etary assessment tool (2016, National Cancer Institute, Bethesda, MD,

USA) [113].

We included all food profiles generated as described with the 3-day decaying

weighted average in our analysis.

5.1.2 Microbiome Taxonomic Profiling

Johnson et al. [95] “submitted all human gut microbiome samples for processing at

the University of Minnesota Genomics Center for DNA extraction, amplification,

and sequencing.” For our supplementary analysis, we learned the optimal quality-

control parameters using the shi7 [18] learning module and subsequently pro-

cessed the single-end metagenomic shotgun reads for quality-control. We filtered

all human reads using the SHOGUN filter commands by aligning to the GRCh38 hu-

man reference genome [66]. We then aligned the quality-controlled sequences to

the Genome Taxonomy Database (GTDB) release version 95 [93]. We aligned all

taxonomic profiles using the BURST [48] aligner at 97% identity in the capitalist

mode within the SHOGUN pipeline (see chapter 3).

We preprocessed the taxonomy table from SHOGUN by dropping all samples

with less than 23,500 alignments and dropped unlikely present species level iden-

tifiers with the type 1 presence-absence classifier pipeline (see chapter 5). The
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original study re-submitted some samples for sequencing, so we subsetted tax-

onomies to the intersection of taxonomies presented within both sequencing runs

and preferred the re-ran sample as necessary. We further limited the number of

species to those present within a subject for at least 25% of the study duration

and found within 10% of the study subjects.

To correct for ploidy and genome length bias, we normalized by dividing the

counts by the genome length and then multiplying by average genome length

of all species in the profile [114]. To correct for the compositionality associated

with microbiome sequencing data, we first imputed zeros and then applied the

centered log-ratio transformation [115]. We assessed tree-based beta-diversity

using unweighted UniFrac and the taxonomic tree provided by the GTDB. We

used these normalized taxonomic profiles for all downstream processes.

5.1.3 Microbiome Functional Profiling

To find KEGG annotations for reference genomes in the GTDB 95, we used the

eggnog-wrapper [111, 116]. We used the SHOGUN functional pipeline to obtain

Kyoto Encyclopedia of Genes and Genomes (KEGG) annotations for the taxo-

nomic profile [45]. We corrected compositionality within the functional profiles

with the imputation of zeroes and the centered log-ratio transformation.

5.1.4 Dynamic Bayesian Network Analysis

Bayesian Networks

Bayesian networks (BNs) are a concise representation of all the conditional depen-

dencies between a set of random variables in the form of a directed acyclic graph
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[110]. BNs are a class of probabilistic graphic models whose nodes represent ran-

dom variables and edges occur between variables that are conditionally dependant

on one another. If there is no edge between a pair of variables, it signifies that

they are conditionally independent.

Dynamic Bayesian Networks

Dynamic Bayesian networks (DBNs) are a special case of BNs designed to model

temporal data. In a temporal dataset, rather than having a separate BN for each

point in time t, they model the transition from one point in time to the next.

For example, suppose that we have a random variable T representing the relative

abundance of a taxon. The relative abundance T was observed over multiple days

t = 1, 2, ..., n. A DBN would model the change in relative abundance from one

day to the next. More formally, the transition of Tt → Tt+1 would be modeled

using a stationary conditional distribution. Several studies have shown DBNs to

be an effective model of the human gut microbiome [102, 104, 103].

Diet-Microbe Network Inference

We outline our approach to inferring a DBN for diet-microbe relationships in

figure 5.1. We followed closely the methodology outlined by Lugo-Martinez et

al. [103], adapted to our dataset with significant deviations listed here. Due to

the time complexity of network structure learning, the taxonomic, functional, and

food profiles were limited to the top fifty highest variant features of the taxonomic

and functional profiles. For taxonomic profiles, we used species-level annotations

for functional profiles, we used the KEGG-level annotations, and for diet profiles,

we used the L3 level annotations from the food tree. Our clinical metadata in-

cluded two discrete variables, Gender and Supplement, so the hybrid conditional
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independent mutual information was used for network structure inference [110].

We did not limit the number of incoming edges to the next day microbes Tn+1.

The R library bnlearn [110, 109] was used for DBN structure learning using the

semi-interleaved HITON-PC algorithm [117]. The coefficients of the DBN were

fit using the Python package statsmodels [118] with a ridge regression penalty.

5.2 Results

In Johnson et al. [95], “we conducted shotgun metagenomic sequencing on each

stool sample at a depth of 7,195,302 ± 2,442,901 single-end reads per subject,

divided approximately evenly across the time points for each subject, with an

average depth of 506,133 ± 323,896 reads per sample after the removal of hu-

man DNA.” Previously presented tools in chapter 2, have shown that low-depth

metagenomic sequencing can recover species-level taxonomic assignments and also

allows for the assessment of functional profiles. We removed sequencing adaptors,

trimmed and filtered shotgun metagenomic reads according to quality using shi7,

and assigned taxonomy using SHOGUN and a database consisting of the microbial

kingdoms Bacteria and Archaea from the GTDB. We retained 409 microbiome

samples for analysis after removal of those with low depth. In Johnson et al. [95],

“dietary outliers were identified according to guidelines from ASA24 by comparing

macronutrient composition and total energy intake to reference levels to identify

low-quality reporting. We retained 566 24-hour food records after the removal of

dietary outliers.”

Microbiome composition was more variable in some subjects than others across

the study period (figure 5.2.A). As has previously been shown [8], the most

prevalent microbial functional modules, as annotated by the KEGG, were highly
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Figure 5.2: Shallow-shotgun sequencing enables high-resolution taxo-
nomic and functional profiles. Taxonomic and functional-profiles generated
from the tools are variable and high-resolution. The number of taxonomies and
genes were limited for visual clarity. (A) Taxonomic profiles displayed as a time-
series across all subjects. (B) Functional profiles displayed as a timeseries across
all subjects.
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consistent within and across subjects. Microbiome beta-diversity analysis using

unweighted UniFrac distances showed strong grouping by subject (figure 5.3.A;

PERMANOVA; p = 0.001; 999 permutations). Contrary to the original analysis,

the average microbiome beta-diversity did show grouping by gender (figure 5.3.C;

PERMANOVA; p = 0.050; 999 permutations).

We applied Procrustes analysis to test for microbiome and dietary variation

across subjects. Our analysis showed that a subject’s average food intake corre-

sponds with that subject’s average microbiome composition when analyzed using

the unweighted UniFrac-based food distances (figure 5.3.C; Procrustes; Monte

Carlo p = 0.020) and unweighted UniFrac-based microbiome distance. We found

a similar correspondence between the average microbiome and average nutrient

intake using 65 macro-and micronutrients (figure 5.3.D; Procrustes of microbiome

unweighted UniFrac and standardized nutrient profile Euclidean distances; Monte

Carlo p = 0.010; 999 permutations).

We evaluated our procedure for inferring a DBN warp against two other mod-

els. The first model predicts the current day’s taxon abundance as the next day’s

taxon abundance and is referred to as “Baseline”. The second model is the same

inference structure as DBN warp, without the temporal warping step known and

is referred to as the “DBN” model. There was no significant difference in the

mean absolute error of residuals among the Baseline model and DBN warp mod-

els (figure 5.4 Tukey HSD) [119]. Both the Baseline and the DBN warp model

outperformed the DBN model. While there was no significant difference in means,

the error profile of the DBN warp was the lowest, following the trend of earlier

DBN microbiome analysis.
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Figure 5.4: Performance of the DBN-warp model shows no significant
improvement above the baseline model. The DBN warp and Baseline models
are significantly different than the DBN model (Tukey HSD DBN-warp - DBN
p-adj < 0.001; Tukey HSD Baseline - DBN p-adj < 0.001). We cannot determine
if the DBN Warp model is significantly different than the Baseline model (Tukey
HSD DBN-warp - Baseline p-adj = 0.900).
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5.3 Discussion

5.3.1 Shallow-Shotgun Methods Enables High-Resolution

Longitudinal Microbiome Studies

We were able to replicate the original conclusion that food choices were associ-

ated with overall microbiome composition between subjects. We verified that both

diet and taxonomic profiles are personalized, by having a significant unweighted

UniFrac beta-diversity test on both taxonomic and diet profiles stratified by sub-

ject. We then showed that diet and microbiome profiles were associated by a

Procrustes analysis on the beta-diversity profiles. An original conclusion was that

tree-based, phylogenetic methods encode relevant information in profile compari-

son. Our newer methods were able to utilize the phylogenetic unweighted UniFrac

distance on taxonomic profiles, thanks to the taxonomic tree now provided by the

GTDB. This circumvented the original need to do custom analysis with the shot-

gun data and 16S alignments. To our knowledge, this is the first use of unweighted

UniFrac on shotgun data. Unweighted UniFrac is beneficial in beta-diversity anal-

ysis as it considers the difference in evolutionary divergence in its measurement

of distances between taxonomic profiles. The phylogenetic distances allowed us

to show a significant association between taxonomic and nutrient profiles, which

were originally not obtained when using non-phylogenetic distances.

5.3.2 Diet-Microbiome Network Validation and Interac-

tions

The goal of the DBN analysis was to mine patterns of diet-microbiome inter-

actions. This goal does not require accurate forecasting of held-out microbial
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growth rates to be useful, but we cannot recommend their legitimacy without fur-

ther testing. On average, the DBN temporal warping network did not significantly

outperform the baseline model in terms of mean absolute error on the held-out

test dataset across all interactions (figure 5.4). This is likely due to factors such as

an ill-specified modeling approach for forecasting, insufficient sampling data, and

not enough processing time to complete the network inference with all species.

Furthermore, earlier studies used multi-omic datasets with the inclusion of host

genetics, metabolomics, and RNA-seq data, which could help give us a more com-

plete picture of the complex interactions occuring.

Due to these limitations, the potential associations uncovered by the network

are purely speculative and hypothesis-generating. We recommend a targeted in-

vitro study in a controlled environment to verify associations if they are of in-

terest. The DBN inference uncovered 184 significant conditional associations out

of 2,656,614 hypothesis tests, highlighting potential interactions that may inter-

est future research (figure 5.5). For example, the network model speculates that

one strain of Akkermansia has a positive growth rate associated with a differ-

ent strain of Akkermansia. This could be a misclassification by the database as

they are both from the same species, or perhaps an ecological foundation that

the proper environmental conditions promote their growth together. Another in-

teraction highlighted by the network is that of Barnesiella sp003150885, which

is positively associated with the Supplement MCT MOO. The original study re-

ported no significant associations with the Supplement, so it could be possible

that this unnamed species is a newer addition to the database.
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5.3.3 Conclusion

The original publication from which these data were derived demonstrated the

efficacy of our published shallow-shotgun methods, as described in chapter 2 and

chapter 3, to recover meaningful biological signals from human microbiome stud-

ies. Furthermore, the use of shallow-shotgun sequencing enabled an entirely new

scale of microbiome study by reducing the cost of data generation by nearly a

factor of ten. The original Johnson et al. [95] study was the first study to mea-

sure daily variation in the human microbiome at the species level, using shotgun

metagenomics, and this would not have been possible without our earlier work on

shallow-shotgun sequencing in chapter 2 and chapter 3. Our supplementary anal-

ysis of the dataset with a modern database with updated methods showed overall

similar trends and patterns in diet-microbiome variability as originally discovered,

and added a new finding: the association of nutrients with the microbiome profile.

These reproduced results with an updated database and methodology showcase

the robustness of the study findings originally presented. This should then give

researchers confidence when applying our methods to their own metagenomic ex-

periments.



Chapter 6

Concluding Remarks and Future

Work

In chapter 2, we optimized the sequencing depth for shotgun microbiome datasets

in cost, data efficiency, and computational accuracy. Our shallow-shotgun se-

quencing method allows for larger sample sizes and greater accuracy than cur-

rently used 16S and deep-shotgun sequencing methodologies. We showed that

using a lower sequencing depth than what is commonly utilized is an effective

way to receive accurate taxonomic and functional profiles of metagenomic exper-

iments. Compared to 16S, this approach was more accurate, had less bias, and

was able to identify species outside of the kingdom of Bacteria. Compared to

deep-shotgun sequencing, we concluded that if the cost of the experiment is an

issue, it is better to sequence more samples with a lower per-sample resolution

than to sequence fewer samples with a higher per-sample resolution. In future

work, we were concerned about the depth of sequencing and its interaction with

the detection of rare species in taxonomic profiles that needed to be assessed. We

completed this work in chapter 4. We expect that in the future more sequencing

91
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experiments will be done using shallow- and deep-shotgun methodologies rather

than 16S methodologies throughout the field of metagenomics.

In chapter 3, we proposed a computational pipeline SHOGUN for accurate tax-

onomic and functional profiling of shallow- and deep-shotgun sequencing. The

software pipeline SHOGUN allows for simultaneous taxonomic and functional abun-

dance profiling of metagenomics datasets with Bayesian redistribution of ambigu-

ous mapping. The pipeline is flexible, allowing for user creation of a reference

database and selecting the alignment tool that best fits a given user’s data and

computational resources. The package will enable users to efficiently transform

quality-controlled sequences to abundance profiles consistently and accurately,

thereby promoting reproducible microbiome research. While we have published

the SHOGUN pipeline, we also continue the software development cycle with up-

dates and added functionality. With our projection that microbiome experiments

will have increased utilization of shotgun sequencing, so will the demand and use

of shotgun sequencing processing pipelines. With this increased demand, more

reference genomes will be assembled, requiring the software to include processes

for database updates. The increased demand may also inspire better methodolo-

gies to analyze metagenomic profiles. The software pipeline SHOGUN’s flexibility,

ease-of-use, updateable codebase, and ability to create a custom database makes

it well situated to meet the growing demands of the field.

In chapter 4, we demonstrated the efficacy of a machine learning pipeline

in classifying the presence-absence of genomes in metagenomic taxonomic profil-

ing. By utilizing the features of an alignment and a reference genome database,

we showed the efficacy of a machine learning pipeline to accurately identify the

presence-absence of reference genomes in metagenomic taxonomic profiles. We
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experimented with both simulated and real-world strain-level metagenomic se-

quencing datasets. The machine learning classifier will need to be retrained in

future work as reference databases continue to change and grow. This study

showed the ability of taxonomic profiles to be accurate in shotgun datasets and

should give researchers a confident measurement of reference genome presence in

shotgun taxonomic profiles

In chapter 5, we demonstrated the utility of the tools mentioned above on a

complete metagenomic sequencing experiment. The taxonomic profiling methods

were able to effectively plan and execute a metagenomic intervention study as-

sessing the effect of medium-chain triglycerides (MCTs) on the composition and

function of the human microbiome. The shallow-shotgun experiments were able

to increase the sample size and allow for longitudinal sampling timelines while

still identifying taxonomic and functional profiles for each sample. We inferred a

dynamic Bayesian networks to assess the conditional dependence of diet, anthro-

pomorphic variables, MCTs, genes, and taxonomies. A future study is warranted

to evaluate the microbiome dynamics uncovered within the network.

6.1 Broader Impacts

The methods described herein will allow for more accurate studies of the micro-

biome, with the potential ability to increase sample sizes and larger more extensive

population studies. The microbial world is extremely complex, and understanding

its intricacies have impacts across a broad variety of fields including agriculture,

climate change, and human health. Microbial communities are highly complex
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and highly variable, necessitating large sample sizes to provide sufficient statis-

tical power for hypothesis testing. Our proposed tools will improve research ca-

pacity and scientific accuracy of metagenomic analyses, which will increase the

impact of research findings across this broad range of disciplines. Most impor-

tantly, these dramatic improvements in data efficiency will help democratize basic

metagenomic research by allowing all microbiome researchers to obtain affordable

but high-quality taxonomic and functional profiles. This will enable research labs

with less funding or without access to a supercomputer to pursue high-impact

research that spans discipline boundaries.
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Bergström, Carl Johan Behre, Björn Fagerberg, Jens Nielsen, and Fredrik
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