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Abstract of Thesis

Automation and Expansion of the Metagenomics Analysis Methodology Using
Computational Tools and Statistical Methods to Support Small High-dimensional
Datasets

Advancements of technology have allowed researchers to better understand
functional mechanisms of microbial communities in vivo. Here, we provide an overview
of how technological advancements has led to current metagenomics analyses practices.
Using human and mouse metagenomics data, we were able to modify our metagenomics
analysis pipeline to incorporate more automation methods that significantly reduces
human error. Later, we dive deeper into downstream analyses method using machine

learning.

Metagenomics data is high-dimensional and often very difficult and expensive to
collect during a clinical trial. Thus, many studies collect publicly available datasets,
which contain varying patient characteristics and other uncontrollable factors. As a
solution, there should be a general methodology on how to analyze small, high-
dimensional metagenomics datasets. In the presence of small sample size, machine
learning analysis becomes more difficult to produce reliable predictive models.
Throughout this thesis, we discuss how small sample size effects machine learning

analysis and discuss current approaches used.
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Chapter 1 Introduction
The Start of the Gut Microbiome
A breakthrough in microbiome research erupted with the start of the Human Microbiome
Project (HMP). The sequencing of many different microbial communities residing at
different locations of the human body have led to more powerful research initiatives to

understand microbes and their relationship to human health [1, 11].

Bacteria communities that reside inside the human body are more difficult to completely
understand, given that cultured bacteria are mechanistically different from bacteria in
vivo. Over the years following the start of the HMP, studies reveal the gut microbiome
changes throughout a lifetime. Factors contributing to its development include birthing
method, diet, geographical location, exposure to antibiotics, other medications,

probiotics, exercise, age, and disease [11].

Understanding the Gut Microbiome with Advancements of Technology

Sequencing the Gut Microbiome

Stringent sequencing techniques were created to detect genomic material belonging to
multiple different organisms within a single sample. Scientists were able to gain insight
on microenvironments that are difficult to culture [14] as well as develop ways to dig
deeper in understanding how groups of bacteria communicate to the host and the role

they play in different chronic and acute diseases [43].

Amplicon sequencing targeting the 16S rRNA gene locus is a widely used sequencing

method used to analyze microbial diversity in different environments [43]. The 16S



rRNA gene is a conserved region within prokaryotes. The variable regions within the 16S
rRNA gene are specific to taxa, allowing it to be used as a valid classification tool to
distinguish between taxa on a genus and species level [14]. Both reference-based and
diversity-based approaches are used for taxonomic classification of 16S rRNA gene
sequences. In reference-based approaches, sequences are compared to classified bacteria
sequences from a reference database (Greengenes, SILVA, EzBioCloud, Ribosomal
Database Project) [31] and grouped based on their similarity. In diversity-based
approaches, highly similar sequences (> 97%) are grouped together [14]. Although
classification of bacteria from 16S rRNA sequencing is widely used and much cheaper
compared to other metagenomic sequencing techniques, 16S rRNA gene sequencing does
have its limitations in its ability to classify bacteria at a species and strain level, varying
taxonomic estimates, and its classification capabilities are limited to know taxa marker
within the 16S rRNA reference database [7, 9, 13, 28, 43]. The use of different reference
databases between studies and varying taxa in each reference database causes less

accuracy and consistency among studies.

During shotgun metagenomics sequencing methods, DNA is extracted from samples, and
sequences are then segmented and sequenced into reads. The reads are then aligned to
reference genomic sequences. This method requires more genomic information to
classify organisms than does targeted 16S rRNA genes sequencing. Not only are larger
sequences used to classify organisms, but the presence of specific genomic sequences can
also be used to provide insight on biological function. Although shotgun metagenomic

sequencing serves as a solution to many limitations of 16S rRNA gene sequencing, it



introduces challenges involving analysis complexity, handling contamination, and
expensive cost. Since shotgun metagenomic sequencing sequences whole genomes found
within samples, there are significantly more sequence reads needed to be mapped and
aligned to multiple reference genome sequences. This requires significantly larger
reference databases and more advanced computational tools that would be able to handle
such large and complex analyses tasks. The presence of host DNA and other gene
sequence contaminants clouds the detection of microbial communities of interest, which
can hinder the accuracy of detected diversity [11]. As a result, sequencing and
bioinformatics methods introduced within the pipeline are utilized to filter out host DNA
and other detected contaminant gene sequences. Lastly, shotgun metagenomic

sequencing is more expensive [43].

Taxonomic Profiling Tools

Advancements of technology has allowed for microbial communities to be sequenced and
assessed using bioinformatic metagenomics analysis tools. Using current bioinformatics
tools, researchers can investigate the microbial diversity by generating taxonomic
composition, relative abundance, and functional and pathway analysis. Many of these
metagenomics analysis tools differ in their 1) utilization of different sequence alignment
algorithms, 2) reference database content, and 3) their functional and pathway analysis

capabilities.

Different bioinformatics tools utilize different search methods that minimize computation

and processing time and optimize classification accuracy. Taxonomy classification for



WGS and 16S metagenomics data is achieved by aligning homologous sequences to
genomic reference databases or comparison of specific genomic features to genomic
reference databases. Homology-based [11, 16, 42], also referred to as comparison-based
and alignment-based, sequence alignment methods implement BLAST-based and some
non-BLAST search algorithms in tools including MEGAN [12], PyNAST [4], QIMME
[19], MG-RAST [16], and SUPER-FOCUS [45]. Composition-based [10, 11, 16, 40],
also referred to as prediction-based, taxonomic classification methods implement
statistical methods within tools to compare genomic features (k-mer frequency, QC
content, clade-specific gene markers, oligonucleotide frequency) to a reference database.
Bioinformatic tools that use this alignment approach include RDP-Classifier [5], Kraken
[53], CLARK [29], MetaPhlAn, MetaCluster [52]. All classifiers use a comprehensive
reference database, which vary in genomic content, size (number of genomes and
sequences), and quality control standard. Some commonly used microbial reference

databases include RefSeq [33], BLAST nt/nr, SILVA [34], and GenBank [54, 3].

Lastly, bioinformatic analysis tools differ in their functional and pathway analysis
capabilities. Similar to the homologous and composition-based alignment approaches
mentioned above, genomic sequences are aligned to sequences or features from reference
databases such as SEED [30], KEGG [15], and MetaCyc [18] that contain functional
annotation information. Tools that utilize functional analysis reference database include

MEGAN, MG-RAST, SUPER-FOCUS, HUMANM [25, 26, 45].

Potential Biomarker Discovery Methods Using Statistical Based Tools



The multifunctional metagenomics analysis tools mentioned above made it possible to
characterize and understand the contents of microenvironments; however, the problem
remains in understanding the direct relationship between microbes and disease. Thus,
downstream analysis brings a new approach to understanding disease development,
progression, and treatment. Understanding what microbial communities that dictate or
significantly fluctuate in the gut during specific disease states can lead to biomarker

discovery and applications for translational medicine [21, 22, 39, 42].

The ideal use of the microbiome as a biomarker to predict lifestyle and disease is
becoming more prevalent in translational research in hopes to be used as a clinical
indicator for disease phenotypes, progression, and or response to treatment. Previously
metagenomics data analysis tools for class discovery or comparison included MEGAN,
STAMP, UniFrac, MG-RAST, mothur, ShotgunFunctionalizeR, METAREP, and
Metastats. In summary, these tools utilize statistical analysis methods and can identify
related samples; however, they lack in their ability to give biological relevance,
biological consistency, and magnitude of effect of detected organisms. A different
approach to analyzing high-dimensional metagenomics data was devising incorporating
linear discriminant analysis (LDA) effect size (LEfSe). This method estimates the
consistency of statistical difference between metagenomic sample groups’ relevant
features (organisms, clades, genes, ect). It thus ranks the relevant features based on the
amount of contribution it gives to differentiation of the sample groups. The three-step
LEfSe algorithm uses statistical significance, biological consistency, and effect size to

identify important genomic features that most contribute to the metagenomic differences.



The algorithm first identifies features that have statistically significant microbial
abundances between the sample groups of interest (nonparametric factorial Kruskal-
Wallis sum-rank test). Next, Wilcoxon rank-sum test is used to assess biological
consistency. Lastly, LDA is used on each statistically significant feature. As a result, this

tool is aimed to serve as a biomarker detector for metagenomics data [39].

Analysis of Metagenomics Data Using Machine Learning

Algorithms and tools are created to devised faster, more cost-effective ways to analyze
large amounts of data to devised accurate predictions about disease treatment,
development, and biomarker discovery. With the advancement of technology and
continuously growing amount of publicly available data, researchers are increasingly
utilizing machine learning (ML) and artificial intelligence (Al) to generate faster
discoveries in precision medicine. The positives about using machine learning and Al are
that it allows scientists and researchers to analyze large amounts of data in a short amount
of time, resulting in cost conservation. However, similar to bioinformatic challenges there
is no standardized methodology for using machine learning on metagenomic samples.
The lack of standardization in bioinformatics workflow causes issues in non-
reproducibility. Similar to bioinformatics challenges due to the lack of standard
procedure and evolving technology, ML analysis methods also do not follow a

standardized step of instructions for metagenomics data analysis [36].

ML is used on metagenomics data for diagnostic purposes for diseases such as diabetes

obesity, colorectal cancer, inflammatory bowel disease, and liver cirrhosis.



Understanding the bacteria-disease relationship is challenging because of the non-
independent nature of each microbial organism and its combined effect to the host.
Differentiating between sample groups can only be achieved by observing changes in
multiple bacteria. ML methods make it possible to analyze microbial relationships, while
incorporating their non-independent nature to make biological predictions. However, the
increased use of ML methods for microbiome data has led to difficulty in interpretation
and reproducibility. The choice of modeling approach is important because this can lead
to the incorrect use of complex models, such as random forest or deep neural networks
instead of simpler linear models that produce more interpretable results. However, in
many cases, more complex models are the best option in capturing non-linear

relationships[49].

Different tools were created that incorporated machine learning techniques to analyze
microbial community-phenotype relationship; however, the tools were either lacking in
their ability to evaluate 16S rRNA and WGS sequencing data (MetAML and MetaNN) or
they only performed well on longitudinal studies and not for general phenotype
prediction (MetaDpro and MetalL.onDa). In this paper they created a tool called MegaR
that analyzes the microbial community-phenotype relationship and disease prediction
using machine learning methods for both 16S rRNA and shotgun metagenomic
sequencing data through a 3-step implementation process: 1) data loading and
preprocessing, 2) model building and training, and 3) model validation and unknown
sample prediction. The input data consists of an OTU or BIOM formatted table produced

from previous taxonomic classification and alignment performed from an external



software or platform. Once the data is uploaded, the user has the option to select the
feature level (genus, species, or all), parameters, the machine learning classifier algorithm

used to build the prediction model (SVM, Random Forest, or GLM) [7].

A different approach to utilizing ML for metagenomics research was used to incorporate
the non-independent nature of bacteria. Sampling methods for handling imbalanced data
is not widely investigated. Some methods exist to mitigate class imbalance challenges
such as adjusting hyper-parameters, sampling methods, and hybrid methods that use
hyper-parameter and sampling method adjustments. Random sampling methods for the
training data led to overfitting [51]. A predomics algorithm was created to be able to

learn binary/tertiary/ratio (BTR) models, which are a family of models created to account
for the balanced nature of microbial ecosystems. The detailed mechanisms for how
individual microorganisms interact within the microbiome is not well understood,
however its non-independent nature is accepted. These models also factor in that the large

number of features decrease the model accuracy caused by overfitting [32].

Dealing with Small Sample Sizes

Statistical Significance and Clinical Significance

It is important that researchers and clinicians design and prepare clinical studies that are
confidently believed to be beneficial and produce clinically important outcomes. For
study design and preparation purposes, sample size estimation is extremely important for

many mathematical and ethical reasons.



Sample sizes that are too small make it difficult to extrapolate any valid statistical
meaning. Small sample sizes can result in inadequate statistical power, thus not being
able to confidently reject or accept the null hypothesis [2]. For study design and
preparation purposes, an estimate of the effect size must be generated for the sample size
needed for statistical power to be calculated. The estimated effect size can be generated
from pilot studies or by using the minimum difference that would be considered clinically
significant [48]. Patients are at risk of undergoing difficult treatment that would have no

clinical significance, benefit to medicine, funding, resources, and time used in vain [8].

Sample size calculation is also important for controlling for sample sizes that are too
large. There is a misconception that the more samples, the better the study and confidence
of the results. However, if sample size is too large, small clinically insignificant
differences can be statistically significant and interpreted as clinically important. Also, a
large sample size would require unnecessary utilization of financial resources and patient
involvement [2, 8, 23]. Moreover, the best sample size is the size required so that there is

80% confidence that a statistically significant result is true given the hypothesis is true

[2].

The importance of sample size is underestimated, and assessment of study sample size is
not always mentioned in published literature, not allowing the reader to completely
understand the design and methods for the study [23, 27]. Literature supports the notion
of estimating sample size during study design to avoid wasting time, funding, and

resources. In cases where sample size is not estimated, results must be interpreted



cautiously. Sample size can be calculated manually or through open-source statistical
software tools. However, factors such as type | error, type Il error, power of the study,

and effect size (clinical significance) contribute to the calculation of sample size [2, 8].

Statistical significance is oftentimes misinterpreted as a measurement of clinical
significance or importance. Statistical significance is expressed as a p-value, which is the
probability that an observation is not due to random chance. The p-value does not qualify
the magnitude of the effect or its clinical importance. Effect size is a measurement of the
difference between two groups of interest after a given treatment. Determining statistical
significance is a relatively standardized method between all studies, involving widely
accepted p-value thresholds that define significance (p-value < 0.05). On the other hand,
determining clinical significance or effect size is subjective to many factors delineated by

clinicians of the specific study [35, 38].

Machine Learning

Building predictive models using ML methods follows workflow steps that vary
depending on the data and hypothesis. When deciding what approaches to utilize
throughout the ML workflow, small sample size is a determining factor that directly
affects model performance accuracy and reliability. An overview of the ML workflow is
described below, highlighting areas where sample size is an important factor contributing

to the outcome of the predictive model [11, 49, 50].

Data Preprocessing
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Data preprocessing steps for ML analysis involve understanding the dataset, cleaning the
data, class/feature balance, feature selection, and other data preparation steps for
implementation. Sample size is an important factor contributing to data preprocessing
methods such as class balance and feature selection [50]. Class balance is the ratio
between sample groups (e.g. 10 control and 10 experimental samples is balance

dataset). Class imbalance for binary classification algorithms result in poor model
performance. These results are caused by biases created from the training data having
more information to classify the majority class (most likely to be the control group) with
little information about the minority group [51]. Having a small sample size limits one's
ability to exclude data to balance classes. Feature selection is the process of selecting
variables to be included in the model development. When the sample size is small with
respect to the number of features, feature selection is required in order to reduce model
inaccuracy caused by overfitting [32, 46], which is when the model is built very specific

to the training data and unable to classify other datasets accurately [50].

Algorithm/Model Selection

ML algorithm selection involves understanding of the data, hypothesis, and which ML
algorithms work best for specific data types. ML algorithms are divided into two
categories depending on the data: supervised and unsupervised. Supervised machine
learning algorithms train data containing features associated with a known outcome [44].
Supervised algorithms are used to predict numerical outcomes (i.e. regression) or events
(i.e. classification) such as response to treatment, patient type, ect) [24]. Examples of

supervised models include neural networks, random forest, support vector regression, and

11



K-nearest neighbors. Unsupervised machine learning algorithms use different clustering
methods to find hidden patterns within the data, without preexisting knowledge of
outcomes [44]. Examples of unsupervised models include K-means clustering and
principal component analysis (PCA). Metagenomics datasets typically contains many
variables/features, which is considered having high dimensionality. High dimensional
dataset are more complex and in some cases requires more complex learning algorithms

to build models [49].

Validation

Different model validation methods can be used to validate the performance of the model
generated from the training dataset. Model validation is important because it computes
the accuracy of how well the model is able to classify new clinical datasets. The varying
validation methods differ in dividing the datasets and test the performance of the model
[50]. Studies have investigated how sample size affects the validation outcome; thus,
specific approaches have been commonly used to validate models developed from small
sampled dataset. Train/Test split approach splits the dataset into fixed training and testing
groups. The model is trained once using all the training data and then tested using the test
data. K-fold approach is an iterative approach that builds a model from majority of the
training data, leaving out a small amount of data for validation. This is repeated so that
another model is built leaving out a small group of data for validation until all the data
has been in the validation dataset. The performance is accessed using the average
classification performance. In statistics, excluding data when the data set is already very

small reduces statistical power and enables specific trends to be observed. Conversely,

12



when using ML, small data test causes over optimistic performance estimates, known as
overfitting. Overfitting is when the model is built very specific to the training data and
unable to classify other datasets accurately. K-fold cross validation is recommended and
widely used for small datasets because it does not exclude any data when building the

model.

Hyper-parameter Tuning

Hyperparameter specification is important for the model learning process because it
allows the user to specify the model characteristics for it to perform its best. This is also
known as hyperparameter tuning. The assessment of hyperparameters is done by
observing the receiver operating characteristic curve (AUROC), where the area under the
curve represents how well the model was able to differentiate between control and
experimental groups. Hyperparameters were determined through grid search, which is
one of few types of hyperparameter tuning algorithms. However, in other software such
as R, Python, and MATLAB default hyperparameters may not be the best for

classification models [49].

13



Chapter 2 Material and Methods
Dataset Descriptions
Publicly available metagenomics data from a 2019 study that collected fecal samples
from 12 therapy resistant epileptic patients undergoing ketogenic diet and 14 parents was
used [22] to developed our initial bioinformatics pipeline (discussed in a recent Elsevier

publication [11]).

Metagenomics data collected from mice induced with colorectal cancer and given a
ketogenic diet was used to introduce automation methods in our bioinformatics analysis
pipeline. However, the metagenomics data used is not publicly available, which means it
will not be specifically described or used throughout this thesis. Instead, pseudo

metagenomics mice data will be used to describe the automation methods developed.

Automation Methods within the Two-Step Metagenomics Pipeline

HIVE Lab developed and utilized a two-step metagenomics analysis pipeline that
produces taxonomic classifications and an abundance profile. Described in detail below is
the entire workflow to analyze mice metagenomics data, which includes the use of the
two-step pipeline in HIVE, and ways in which automation methods have been introduced
to reduce the amount of manual file manipulation (Fig. 1). All up-to-date code developed
and used for metagenomics analyses are publicly available in the microbiome GitHub

repository (https://github.com/GW-HIVE/microbiome).

Removal of Host DNA
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A multifunctional high-performance virtual environment (HIVE) [47] platform tool was
used to analyze the metagenomic sequencing data. The raw FASTQ files were uploaded
into HIVE. As means to remove as many sequence contaminants that would cloud the
detection of bacterial microbes as possible, HIVE-Hexagon, which is a DNA sequence
alignment tool that non-redundantly and accurately aligns short reads to a comprehensive
reference base [37], was used to align all the sequences to the host reference genome. The
sequences that aligned to the host reference genome were removed from the samples and

all the unaligned reads were archived (Table 1).

CensuScope

Next, during the utilization of a two-step metagenomics pipeline, the taxonomic
composition of the unaligned was done using a census-based mapping tool called
CensuScope [41], which is a tool that takes multiple subsampled sequences and aligns
them to a non-redundant nucleotide reference database, filteredNT [17] (Table 2). The
computation then produced a CSV file from each sample containing information such as
Genbank accession number, taxonomy identification number, “matchname” (organism
name), matchCnt (number of reads mapped to genome sequence), and other mapping

information.

Creating the Reference Base

In previous methods, two Python scripts (CensuScopel.3.py and CensuScope2.2.py) were
used to extract all unique organism found from all the CensuScope CSV output files and

generate reference information. The first script iterates through each CSV file, extracting

15



all unique organism accession numbers whose matchCnt is greater than or equal to 10.
This meant that all organisms that had less than 10 sequence mappings to a reference
genome sequence were not included in the list of organisms found in the samples. The
second script then utilizes BioPython [6], an open-source tool written in Python used to
perform different bioinformatics computations, to extract reference information from
NCBI Entrez database. BioPython contains a package called Entrez which pulls user-
specified information (i.e. organism name, lineage, and taxonomy identification number)
from Entrez database without having to manually search through NCBI. The scripts
produce a text file, which can be opened as a CSV file, containing a list of unique (non-
redundant) organisms and their reference information (i.e. Genbank accession number,

organism name, lineage, taxonomy identification number).

The organisms detected from CensuScope computations were used to construct a
reference base, which was required for the second step (alignment step) of the two-step
metagenomics analysis pipeline. Manual curation steps were performed on the list of
unique organisms to remove host DNA, non-bacterial DNA, and primers. More tedious
steps were introduced and implemented to replace plasmids, scaffolds, chromosomes, and
other incomplete genome sequences with their most representative genome. Removal of
host DNA was performed during previous steps, however, mouse DNA sequences that
did not align to the reference mouse genome and had a matchCnt greater or equal to 10
were able to surpass the Hexagon and CensuScope filtering mechanisms. Thus, all the
unique organisms in the text file had to be manually reviewed to ensure no mouse DNA

sequences were present in the final list of unique organisms.

16



For bacteria scaffold sequences, plasmids, chromosomes, and bacteria with incomplete
genomes, a BLAST was performed on each organism against the NCBI nucleotide
collection (Table 3). The organisms containing a complete genome and highest percent
identity were selected to represent and replace the original plasmid or scaffold sequences
initially identified. For example, the plasmid sequence JQ660368 (Genbank accession)
was present in the unique organisms list. BLAST results showed that Enterococcus
faecalis str. Symbioflor 1 was the most similar organism (Percent Identity = 95.17%) and
contained a complete genome. Thus, the original organism plasmid was replaced with
Enterococcus faecalis str. Symbioflor 1. In cases where lab strains are identified from the
CensuScope computations and present in the unique organisms list, it is replaced with its

most similar complete genome derived from BLAST results.

The manual CSV file curation processes performed to identify non-bacteria, detected host
sequences, plasmid, scaffolds, chromosomes, and other forms of incomplete genomes
were tedious, required close attention to detail, and was time consuming. Manually
filtering through each row of the CSV file containing unique organisms introduced
human error, resulting in unwanted organisms to be present in the final unique organisms
list used to then create the reference base. To decrease the amount of human error that
was introduced as a result from constant file manipulation, new automation methods were
introduced into the pipeline. The two python scripts (CensuScopel.3.py and
CensuScope2.2.py), described above were combined into one script. This alone made the

computational task more simple and easier to reproduce because previous use of the two

17



scripts required separate inputs and produced different outputs. In addition to combining
the two scripts, methods were added to the combined script that filtered out organisms
that were not bacteria (host DNA and DNA from other non-bacteria organisms) and had
incomplete genomes (i.e. draft genomes, primers, scaffold, plasmid). The new combined
code (create_referencebase.py) will produce 3 CSV files. The first CSV file contains all
unique organisms extracted from CensuScope output CSV files, which includes all
organisms (bacteria, viral, host, etc.). The second CSV file contains only bacteria with
complete genomes, which was the filtered list. The third CSV file contains bacteria that
do not have complete genomes. These bacteria will have to be manually curated to select
its most representative complete genome and later added to the second CSV file

containing only bacteria with complete genomes.

When constructing the list of unique organisms for the reference base, there were many
different strains of E. coli present (18 different strains). It may be possible that the sample
genomic sequences from an individual organism are aligning to different overlapping
strain sequences. As a result, multiple strains were detected. To account for the possible
false positive detection of multiple strains of E. coli, a series of steps to mitigate possible
false positive detection and to select the most representative genome to represent the
strains detected was performed (Fig. 2). The organism Genbank accession numbers were
used to identify their corresponding proteome identification information (UPID) from
UniProt. UPIDs were then searched in Reference Proteome Groups (RPGSs) containing

75% similar proteomes [https://proteininformationresource.org/rps/data/current/75/rpg-

75.txt] to see if any E.coli proteomes of interest shared 75% similarity to any other group

18
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of proteomes. If multiple strains’ proteomes were in the same cluster, the proteome in the
first row of the cluster (who also had a complete genome) was selected to be the most
representative genome for all the strains part of that cluster. If the E. coli proteome in the
first row of the cluster did not have a complete genome, then the proteome of the E.coli
strain with the greatest number of proteins and also had a complete genome was selected
to represent all the strains that were part of that cluster. If a strain proteome was not
clustered with other strain proteomes of interest, then that strain remains in the unique
organisms list and is not replaced. The methods described above were executed when

there were 3 or more different strains present in the unique organism list.

Hexagon

The second step of the two-step analysis pipeline utilizes HIVE-Hexagon (mentioned
earlier), which aligned the sample reads to the previously developed reference base

(Table 4). The number of hits or detected matches to known bacteria sequences were
outputted to a CSV file for each sample. Using the computed number of hits, relative

abundance of bacteria was calculated.

Previously, each individual Hexagon output CSV file was manually manipulated to
calculate relative abundance. This process was also time consuming, required many
reviews, and still introduced human error. For example, when the relative abundances of
organisms in a single sample were miscalculated, downstream analyses and visualizations
had to be repeated. Thus, scripts were developed in Jupyter Notebook to help mitigate

these circumstances (Fig. 3). Using the code generate, the relative abundance calculations
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were automatically computed, reducing the amount of possible human error and time

required to complete the analysis.

Relative Abundance Profile

The final relative abundance profile was constructed using a software available to PCs
called AbleBits. Each of the CSV files containing the calculated relative abundances
were concatenated into one file such that all bacteria present in the samples were
represented as rows and their relative abundance within each sample were represented as
columns. Other organism NCBI reference information (i.e. Genbank accession number
and lineage) was also included in the final abundance profile. Statistical and machine
learning downstream analyses were then performed using the relative abundance profile

[11].

Visualization Implementation

The microbiome R package [20] encompasses many different tools to visualize microbial
diversity and to statistical analyze metagenomics data. After extensive research of
different visualization tools, this R package was selected due to its ability visualize
microbial diversity which requiring little file manipulation and an easy-to-follow step-by-
step instruction. Other tools that did provide diversity visualization were incorporated in
a bioinformatics pipeline tool, which would require the user to complete the entire
bioinformatics analysis being able to use the visualization function of the tool. This R

package allows the user to perform taxonomic classification and relative abundance
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profiling externally and then visualize microbial diversity (Fig. 4).

Pipeline Expansion Using Statistical and Machine Learning Methods

Clinical datasets tend to be smaller depending on the specification of the study, high
dimensionality, and difficulty collecting large amounts of data from human patients.
Utilizing powerful machine learning methods to extract accurate and reliable findings and
predictions from small data sets is ideal for clinical research. However, standard, reliable
ML tools used for handling high-dimensional small datasets are not currently available.
Building off ML methods used in a recent Elsevier publication [11], we demonstrate that
additional statistical methods performed on small datasets could possibly support
machine learning analyses. We also investigate and review current metagenomics
analysis tools that incorporate ML that could possibly be used from smaller datasets for

future analyses [50].

Using similar methods described in a recent publication [11], predictive models were
developed using relative abundance data created from bioinformatics analysis of mouse
fecal samples (n=8-16). Using MATLAB, preprocessed relative abundance data was
uploaded. Utilizing the Classification Learner Application, cross-validation was
specified, and all models were trained on the data. Default hyperparameters were used
when training the models. Since MATLAB trains the data using all classification
algorithms, the best performing model was observed and compared to all other machine
learning algorithms. The best performing models, in most cases, were the decision tree

models. Next, important predictor were computed by building a bagged-tree model. The
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top 5 most important predictors, which are the features that contribute to the model’s
ability to classify, were then observed. To support the results of the computed important
predictors, statistical significance was assessed on all top 5 important predictors.
Normality was then assessed by performing Shapiro-Wilk normality tests and observing
distribution visualizations (Q-Q plots and density plots) using R. Understanding the
distribution is required to determine the type of significance test to use on the data
(parametric or nonparametric). From the results of the normality tests, distribution
visualizations, and sample size, the data was determined to be not normally distributed.
Thus, Mann-Whitney U test (nonparametric test) was used to perform pairwise
comparisons on each of the top 5 important predictors using R. The purpose of doing
significance tests on top 5 important predictors is to give additional support to the
prediction model due to the small sample size. Since we cannot rely solely on the

predictive model and important predictor results, we need additional statistical evidence.
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Chapter 3 Conclusion and Future Directions
Automation
Introducing ways to reduce simple human error from the bioinformatics pipeline has
increase the confidence of our bioinformatics results and has decreased the analysis time.
However, there are areas of improvement that still exist within the pipeline. The pipeline
is not completely prone to human error for there are still manual curation steps within the
pipeline that are subjective to the curators’ attention to detail. Ideally, the user cannot

introduce error if all processes are automated, and files are not manually manipulated.

Although the time require to complete the analysis is significantly reduced by using the
different scripts, the time complexity of the scripts is important. Reducing the computation
complexity of the scripts to make them run as simply as possible will be helpful in the long

run for interpretation purposes and possible application use in the future.

Lastly, creating all scripts in one language allows for better reproducibility and
organization. Here, three different languages were used: Python, Jupyter Notebook, and R.
For users that don’t know all three languages, utilizing these automation methods will be
difficult. Because all scripts are in different language, this makes is difficult to possibly

create one script to do all processes in the future.

Machine Learning Methods

As previously mentioned, there are areas throughout the entire machine learning analysis

pipeline were sample size ultimately effects predictive model performance.
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Understanding how to perform ML analysis using small sample size is very complex
because it requires extensive understanding of ML algorithms and each step of the ML
analysis pipeline. Different tools (previously mentioned) have been created that mention
how model performance is affected by small sample size, but there has yet to be a study
that extensively outlines ML analysis for small sample sizes, highlighting the correct
parameters, hyperparameters, and algorithms to use. For future research, a set of
guidelines for how to handle small sample sizes during the data preprocessing, algorithm
selection, validation, and hyper-parameter tuning steps of the ML pipeline would be

useful.
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Figure 1. Metagenomics Analysis Workflow
The metagenomics analysis workflow includes the two-step metagenomics pipeline,

which uses the Hive platform, and introduced automation methods.
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Figure 2. Selecting the Most Representative Complete Genome
The workflow describes the manual curation process performed to select the most

representative genome to represent all organisms’ strains.
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Figure 3. Creating Microbe Diversity Visualizations Using R Microbiome Package
Step-by-step instructions for developing microbial diversity visualizations were using an
existing Microbiome R package were provided. Relative abundance data from a 2019
study where therapy resistant epileptic patients underwent ketogenic diet was analyze and
used to demonstrate how the R packages was used and visualizations produced from the

code implementation.
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File Name: calculate rel abundance.ipynb
Availability: https://github.com/GW-HIVE/microbiome

The goal of this code is to calculate the relative abundances of bacteria using the number of ‘hits’
produced for Hexagon computations. When the Hexagon output CSV files are downloaded from
HIVE to a local computer, change the name of each CSV file to match the sample the Hexagon
computation was performed on. On the local computer, save all the Hexagon output CSV files in
a folder also containing this code. This code does the following tasks:

1. Parses through each Hexagon computation output csv file saved to a local directory

2. Removes the second row (containing unalignment information)

3. Calculates the relative abundance (rounded to the 8th decimal place) of reach organism
present in the file

4. Writes the new relative abundance column into the original CSV file saved in the current
directory

Once the code has been executed, all csv files will be updated. The code successfully ran if the
print statement ‘Calculations complete!” is returned. Do not rerun this code because the original
files were updated once the code was run the first time. This would result in an incorrect Relative
Abundance column in all CSV files.

Important Note: Before running this code, save a copy of all the original Hexagon output
CSYV files into a separate directory on your computer.

Implementation

import glob
import pandas as pd
import numpy as np

files = glob.glob('*.csv')
for fin files:
chart = pd.read_csv(f)
chart = chart.drop([0,0])
total hits = float(np.int64(chart['Hits'].iloc[-1]).item())
col_list = chart['Hits'].to_list()
rel _abs_list =[]
for p in range(len(col list)-1):
rel_abs = col list[p]/total hits
rel_abs_list.append(rel abs)
chart = chart.reset_index(drop = True)
chart["Relative Abundance"] = pd.Series(rel_abs_list)
chart = chart.drop([len(chart['Reference'])-1,len(chart['Reference'])-1])
chart.to_csv(f, index=False)
print("Calculations complete!")

Calculations complete!
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Figure 4. Calculating Relative Abundance Using Jupyter Notebook
Step-by-step instruction is provided to run the scripts developed in Jupyter Notebook to

iteratively calculate bacteria relative abundance in all Hexagon output CSV files.
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File Name: Diversity BarPlots.R
R Markdown File: Visualizations.Rmd

Availability: https://github.com/GW-HIVE/microbiome

Outlined below are the input file preparation steps, function modifications, and package
implementation that was done to produce the following bar plot for genus diversity in the

metagenomic samples (shown below).
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The relative abundance data are from fecal samples collected during the ketogenic diet study
mentioned in the Materials and Methods section. After the samples underwent the two-step
metagenomic analysis in HIVE, the relative abundance profile was generated.
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Preparation of the Input Data

The following Excel file manipulation steps were done on the abundance profile:

L.
2.
3

4.

Make a copy of the abundance profile Excel file and save it as “abundance.xlsx”.
Remove the README.

Order the Organism Name column in alphabetical order. This should result in all columns
being reorder based on the Organism Name column.

Open a new Excel document and save it as “genus_names.xIsx”.

Copy/paste all the Organism Names column from abundance.xlsx into the new Excel file,
genus_names.xIsx.

Delete all columns in the abundance.xlsx file except all the sample columns containing the
relative abundances. Save.

In the genus_names.xIsx file, separate the name so that the organisms’ genus is in the first
column and the species name is in the second column. Remove any characters that may be
present in the name. Save.

Implementation in R

Import libraries

library(phyloseq)
library(microbiome)
library(readxl)
library(randomcoloR)

Upload the prepared Excel files into R

genus_names <- read_excel(’/Users/lindsayhopson/Desktop/THESIS/genus names.xlsx’)
abundance <- read_excel(’/Users/lindsayhopson/Desktop/THESIS/abundance.xIsx”)

Formatting the uploaded data to create bar plot

OTU =
TRUE)
TAX =

otu_table(abundance, taxa are rows =

tax_table(genus names)

physeq = phyloseq(OTU, TAX)
order values <- names(abundance)

Modifying the original bar_plot function
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custom_color bar plot <- function(physeq, x _pass = "Sample",

}

y_pass = "Abundance", fill variable = NULL, title = NULL,
fac_grid = NULL, order pass = NULL)

{
mdf = psmelt(physeq)
if (lis.null(order_pass)) {
mdf$Sample <- as.character(mdf$Sample)
mdf$Sample <- factor(mdf$Sample, levels = order_pass)

}

colorCount <- length(unique(mdf$tal))

p = ggplot(mdf, aes_string(x = x_pass, y =y _pass, fill = fill variable)) +
geom_bar(stat = "identity", position = "stack", color = "black") +
theme(axis.text.x = element_text(angle = -90, hjust = 0)) +

scale fill manual(values = randomColor(colorCount, hue = "random",
luminosity = " ")) + labs(fill = "Genus")

if (lis.null(facet_grid)) {

p <-p + facet_grid(fac_grid)
}
if (Yis.null(title)) {

p <- p + ggtitle(title)

}
return(p)

Implementing modified function

custom_color_bar_plot(physeq, x_pass = "Sample", y pass = "Abundance",

fill variable = "tal", order pass = order_values)
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Table 1. Hexagon Parameters for Host DNA Removal

The following parameters were used to complete the Hive-Hexagon computations to

remove host DNA from all samples.

Table 1. Hexagon Parameters for Host DNA Removal

General

Alignment Algorithm
Sequence Read
Reference Genome
Minimum Match

Matches to Keep

Mismatches

System

Priority of Submission

Batch

Parameter list

Batch Service

Advanced

Alignment Parameters >> Seed k-mer
Maximum Number of Hits per Read to Consider
Resolve Conflicts >> Conflict resolution method

Resolve Conflicts >> Use uniquely align reads
only

Resolve Conflicts >> Score for conflict
resolution
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Uploaded sequentially

Mouse reference genome

Length = 130, Unit = Bases

All equally best alternative matches

percent allowed = 1, Computed on
“Alignment Length”

Polite Submission

Parameter = Sequence Read, Value = 8
Batch Mode

14 letter
10

Markovnikov Rule

yes

Number of Reads



Table 2: CensuScope Parameters
The following parameters were used for the CensuScope computations to derive

taxonomic compositions of microbes in metagenomics samples.

Table 2. CensuScope Parameters

General

Name

Algorithm
Database

Number Of Reads

Number of Alignments p/
Iteration

Maximum Number of Iterations
Taxonomic Level

Filter Low Quality Reads

Keep and Store Alignments

Active Machine Learning
(Shannon Entropy)

System

Destination Folder
Priority Submission
Batch

Parameter list
Batch Service
Advanced

Keep and store alignments

Descriptive name
BLAST
filteredNT(ObjID:939)
2500

1

5
leaf
yes

yes

UNCHECK box

20200312 Rao Mouse gut microbiota colon_cancer

Polite submission

Parameter = Sequence Reads, Value = 1

Batch Mode

CHECK box
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Table 3: Standard Nucleotide BLAST Parameters
The following parameters were used to perform BLASTS to identify the most similar
organisms with a complete genome that corresponded to identified organism plasmid,

scaffold, draft genome, or other form of incomplete genome sequences.

Table 3. Standard Nucleotide BLAST Parameters

Enter Query Sequence

Enter accession number(s), gi(s), or
FASTA sequence(s)

Or, upload file

Job Title

Query subrange
Choose Search Set

Database

Organism

Exclude

Limit to

Entrez Query
Program Selection
Optimize for

Algorithm parameters (all default)

JQ660368

No file selected

Blank (default)

From = Blank (default) To = Blank (default)

Standard databases(nr ect.)

Nucleotide collection (nr/nt)

type taxid “562” >> Select Escherichia coli
(taxid:562) from the drop-down

Nothing selected (default)
Nothing selected (default)
Blank (default)

Highly similar sequence (megablast)
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Table 4: Hexagon Parameter for Bacteria Quantification

The following parameters were used for the Hexagon computations to quantify the

amount of sequence detected (hits) from organisms within the samples.

Table 4. Hexagon Parameters for Bacteria Quantification

General

Alignment Algorithm
Sequence Read
Reference Genome
Minimum Match

Matches to Keep

Mismatches
System
Priority of Submission

Batch

Parameter list

Batch Service

Advanced

Alignment Parameters >> Seed k-mer

Maximum Number of Hits per Read to Consider

Resolve Conflicts >> Conflict resolution method

Resolve Conflicts >> Use uniquely align reads only

Resolve Conflicts >> Score for conflict resolution
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