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Illustrations

1.1 Current methods for prescreening DNA sequences ordered for

synthesis. (A) This is the outline of the current routine used for

checking a sequence against the BSAT database. If there is a hit to

the database, then further review will take place. (B) The most

common method for checking for the presence of a DNA sequence in

a databse is using Basic Local Alignment Search Tool (BLAST). This

is how blast may fit into the larger workflow illustrated in (A). . . . 9

1.2 Single nucleotide polymorphisms (SNPs), short tandem repeats

(STRs), and polymorphisms in the mitochondrial genome (mtDNA)

all play a crucial role in molecular forensics. These can be used

together in an investigation, as well as be furthered by the use of

bioinformatics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
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1.3 Three generations of sequencing technology. (A) The first generation

of sequencing technology sequenced one polymer/sequence at a time,

and it depended on both size exclusion principles and modified

nucleotides (dideoxynucleotides) for terminating elongation. (B)

Second generation sequencing technologies work using a technique

known as sequencing by synthesis, which images the most recently

added labeled-nucleoside before adding another monomer. This can

be performed in parallel, on a plate (as shown in the example). (C)

Third generation sequencing technologies (also called “long-read”)

sequence the entire DNA polymer without the need for fragmenting.

Long-read sequencers detect nucleotide bases using many different

approaches and methods, in comparison to the second or first

generation sequencers that all use very similar techniques. . . . . . . 19

1.4 DNA synthesis at different scales. (A) This figure illustrates the

cycle of DNA synthesis used in the phosphoramidite chemistry [1].
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synthesize whole genes is shown using the product of a microarray
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reaction, before being mixed together for further extension [3]. (D)

Genome level synthesis has been illustrated in M. mycoides. Here the

general strategy for synthesis is shown, where layers of overlapping

regions are scaled up and verified using sequencing [4]. . . . . . . . . 24
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Abstract

Recent advances in the field of synthetic biology and nucleic acid synthesis, cou-

pled with increasing concerns about its intentional or accidental misuse, require more

sophisticated screening tools to identify genes of interest within short sequence frag-

ments. One major limitation in predicting DNA sequences of concern is the inade-

quacy of current computational tools and ontologies to describe the specific biological

processes of pathogenic proteins. In the first part of this thesis, we design and imple-

ment a novel computational platform, SeqScreen, that sensitively assigns taxonomic

classifications, functional annotations, and biological processes of interest to short

nucleotide sequences of unknown origin (50bp-1,000bp). The overarching goal is to

perform sensitive characterization of short sequences and highlight specific pathogenic

biological processes of interest (BPoIs). The SeqScreen software executes these tasks

in analytical workflows and outputs results in a tab-delimited report. In the second

part, we perform a deep computational dive into the area of taxonomic classification,

specifically focusing on biases caused by differences in sequences they contain, which

radically change over time and differ significantly from repository to repository. To

mitigate these drawbacks, the Database Query Tool (DQT) is presented as an ef-

fective, easy-to-use, method to investigate the taxonomic composition of databases

commonly used in metagenomics. It outputs the databases and related versions that

contain a given input NCBI taxonomic ID, allowing for a user to decide what database

to use for a given sample, as well as a method for post-analysis. In summary, we

provide two novel computational tools for sensitive and accurate characterization of

nucleic acid sequences.
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Chapter 1

Introduction: Bioinformatics for Short Sequence

Characterization

1.1 Overview of Tool Purpose and Importance

1.1.1 Motivation for Software Development

This thesis presents two novel tools aimed at the characterization of short oligonu-

cleotide sequences. Inferring function and taxonomy allows researchers to uncover

critical information about the fundamental biology of nucleotide sequences. Unfortu-

nately, modern computational tools used for functional annotation lack the ability to

accurately characterize short sequences and often require full-length gene sequences to

produce meaningful results. This presents a major barrier to research, as both small

peptide or nucleotide oligomers are often encountered in practice, and not having

a way to further examine these sequences leaves them indeterminate. Tools capa-

ble of annotating fragmented gene sequences allow researchers to more fully charac-

terize complex datasets and identify sequences of highest interest to their research

study. Herein, SeqScreen is used to compensate for the lack of available software

for functional annotation of short oligonucleotide sequences. The Database Query

Tool (DQT) further annotates fragmented gene sequences by allowing researchers to

evaluate whether a taxonomic classification was not identified due to true absence in

the query sequence data, or due to incompleteness of reference databases. While Se-

qScreen and DQT are not specific to biodefense use cases and have broad applicability
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to a wide array of biological research fields, their utility in biodefense in described as

an example in this thesis. It is worth noting that the fundamental research elements

reported by SeqScreen and DQT are not specific to threat determination, and their

results do not represent DNA screening or biodefense policy guidance. Taxonomy

and function are mere sub-components of a more comprehensive framework required

for biological threat determination.

1.2 A Brief History of Bioinformatics Use Cases

1.2.1 Introduction

As the world experiences continued innovation in the field of synthetic biology, those

focused on biosecurity and biodefense must be prepared for any potential drawbacks

encountered with this new dual-use technology. A primary focus will be making sure

technologies, research, and the potential of adverse effects are continuously evaluated.

However, these efforts should aim at minimizing any policies or actions that may

thwart research advancement - even in the case of working with pathogens for various

research activities [5]. There have been many past examples showing the potential

for biological weapons to invoke panic and mass devastation. These past events give

rise to the need for policy changes, industrial cooperation, and an update for newer

biotechnologies. Likewise, in addition to an historical perspective and policy review,

it is argued that there is a growing synergy between bioinformatics and biodefense

with use cases in forensics, microbial forensics, and bio-surveillance.
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1.2.2 Importance

The potential for current technologies to enable biological weapon manufacturing is

an imminent risk, and the ability to prepare for the intentional or accidental misuse

is of increasing importance. Bioterrorism is the act of using a biological weapon. It

is often defined as the intentional use of a biological medium to cause panic, illness,

or death in a population. When it comes to preparing for such an event, there

are two major types of microbial agents used to illicit mass destruction: (1) live

microorganisms and (2) poisons or toxins derived from microorganisms. It will be

decisive preemptive measures, along with a careful analysis of these two agents, that

may safeguard against malicious attempts to construct biological weapons and incite

bioterrism [6].

One field devoted to studying these cases is Microbial Forensics, which in general

focuses on the analysis of evidence related to a biological agent. This field was started

as a response to the anthrax letters of 2001 - coined the “Amerithrax” case. Spores

of B. Anthracis (anthrax) were packaged into letters and mailed out to politicians

around the country, resulting in the death of five and the hospitalization of 17 others.

Over 100,000 clinical samples, as well as billions in spending, were used to further

investigate the situation [7, 8].

There have been related cases previous to the 2001 anthrax attacks, including acci-

dental release of B. Anthracis in the soviet union which resulted in the death of nearly

100 victims [6]. Likewise, during World War II, the Scottish government wanted to

prepare biological weapons as a preemptive measure to a potential German attack

using bioweapons [6]. Following this initiative, they weaponized B. Anthracis and

subsequently measured damage on an island inhabited by livestock. The experiment

was incredibly powerful, covering the island with dangerous amounts of B. Anthracis.
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It was not until some time later that environmentalists went to the island to clean

up the environment [9]. This was followed by the environmentalists sending letters

filled with the soil to government parties, using the residual B. Anthracis as a threat.

This pushed the government to eventually clean the island which is now cleared [6,9].

There are many other cases of biological agents intentionally or accidental inflicting

panic, illness, or death, and these all serve as previous examples of why the time to

act is now.

1.2.3 History

For the past decade, the government, academia and industry have been focused on

ensuring there are biosafety measures in place for the ordering of synthetic oligonu-

cleotides [10]. The two methods of ensuring regulations are put in place are through

the means of either governmental policy or private sector agreements. Examples of

groups that can implement standards are the International Association Synthetic Bi-

ology (IASB) and the International Gene Synthesis Consortium (IGSC) (both private

sector groups) [11,12]. The industry ensures cooperation with the policy by requiring

membership to the private sector groups, while the government does so using legisla-

tion and financial penalties. These are two points important for consideration when

reviewing the history of policy efforts in DNA synthesis [10].

In the beginning of private sector-led DNA synthesis policy, IASB put together the

argument that only hits against known pathogens would warrant an investigation [11].

If a pathogen match is found, then the company investigates the synthesis order

with further scrutiny. This was put together in 2009 at a time when the fact of

designing threats was thought to be improbable. As a follow up, the International

Gene Synthesis Consortium (IGSC) published the “Harmonized Screening Protocol”
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Hereon referenced as HSP) in 2009 (with a more recent follow up in 2017) [12]. Both

IASB and IGSC eventually had similar policies, which stated each member business

would have to screen all orders against commonly used databases, and that this should

be followed by further expert review if a hit is found. These efforts put forth by the

IGSC and IASB were further followed by the US Department of Health and Human

Services (HHS) publishing standards of their own in 2010 [10]. The government had

its own plan of checking whether or not the query sequence used is best, if it is closely

related to a black or white list (Select Agents and Toxins), and thereafter, making

further human investigation optional (Figure 1.1). Surprisingly, these regulations were

decreased in intensity as in comparison to that of the industrial standards laid out

beforehand. The IGSC put together a set of standards that require a database check

against select agents found in databases curated by Australia, the United States, and

Europe - rather than the governmental black list [10, 13].

The full spectrum of policies related to biodefense must consider the development

of policies within the United States, originally dating back to the Geneva Protocol of

1925 [14]. The Geneva Protocol of 1925 was enacted, following World War I, to pre-

vent the use of biological weapons during wartime [15], but many policies have been

changed since it was first established. In the modern bioeconomy, policies are a dou-

ble edged sword where both government and industrial stakeholders play a vital role.

A systems-side review of policy by DiEuliis et al. [5] identified several major objec-

tives for policy including: (1) situational awareness, (2) prevention, (3) preparedness,

(4) response, and (5) recovery. These objectives were identified from the primary

focus initiatives of the 2004 Homeland Security Presidential Directive (HSPD) 10:

Biodefense for the 21st Century, and the 2009 Presidential Policy Directive (PPD)

2: National Strategy for Countering Biological Threats [16, 17]. While these major
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objectives identify important objectives for the consideration of bio-policies, they ne-

glect to enforce proper communication between governmental sectors. In the current

state of affairs, there is a clear need to improve certain policies while still considering

the major objectives, stakeholders, and implementation [5].

In addition, the current scope of using policy for biotechnology does not consider

the growing need to regulate upcoming bio-technologies [18]. In March 2017, the

American biotech company Tonix announced they had chemically synthesized the

horsepox virus, thereby bringing policy back into the spotlight. While the intention

was to use the chemically synthesized horsepox virus as a means to study potential

vaccines, the act opened the door for other pharmaceutical companies to follow (or

laboratories with similar expertise and capabilities). Because of the genomic similari-

ties to smallpox, this served as a proof-of-principle that smallpox could be chemically

synthesized. The last known case of smallpox virus was thought to be in 1977, and

the World Health Organization (WHO) estimates that the outbreak of smallpox has

killed more than 100 million people [19, 20]. Therefore, the reemergence of such a

virus would become a global catastrophe, and the synthesis of the related horsepox

virus now introduces the theoretical possibility [18, 21].

Similar capabilities have been shown for the synthetic reconstruction of both po-

lio and the 1918 influenza virus. As a policy-induced biosecurity measure, efforts

to incentivize individuals to order from companies within the IGSC has been pro-

posed, in addition to making unprohibited synthesis a crime against humanity which

can be punished by international Criminal Court [22, 23]. It has been highlighted

that these experiments are not an indication that further constraints should be put

on researchers, but that current enacted policies may overlook certain aspects of

biotechnology [24]. Altogether, it is evident that policy is an important aspect sur-
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rounding biosecurity and biodefense, and that it plays a critical role in regulating the

standards of what is acceptable in biotechnology.

1.2.4 Computational forensics and forensic (meta)genomics

Forensics is a field that has been used to identify crime scene evidence in order to

gain further information for a criminal investigation. With origins in pathology, cur-

rent techniques in forensics are using molecular fingerprints to characterize biological

material [25]. This new trend to forensics began early on with DNA, and it was there-

after extended to RNA in 1984 [25]. Current methods in computational and microbial

forensics are described below, along with potential use cases for bioinformatics. The

first section describes methods used in Molecular Forensics, followed by a section on

Microbial Forensics, and concludes with a section on the topic of Biosurveillance.

Molecular Forensics

Biological approaches to crime scene investigations are routine; however, computa-

tional approaches are only now being adopted to provided higher throughput and

sensitivity [26, 27]. The most common methods used for detecting individuals from

biological samples is through the use of single nucleotide polymorphisms (SNPs), short

tandem repeats (STRs), and polymorphisms in the mitochondrial genome (mtDNA)

[28, 29] (Figure 1.2). Each of these three techniques is further described below, and

it is noted that these methods can be supplemented by computational techniques to

improve both speed and accuracy.

The use of SNPs in forensics experienced several technological innovations at the

start of the 21st century [30]. The first being further realized by the “HapMap”

project aimed at identifying many commonly occurring SNPs in the population [31].
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Figure 1.1 : Current methods for prescreening DNA sequences ordered for synthesis.
(A) This is the outline of the current routine used for checking a sequence against the
BSAT database. If there is a hit to the database, then further review will take place.
(B) The most common method for checking for the presence of a DNA sequence in
a databse is using Basic Local Alignment Search Tool (BLAST). This is how blast
may fit into the larger workflow illustrated in (A).
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This allows for all known human SNPs to be collected into a database, thereby en-

abling a detailed reference of known mutations. Furthermore, algorithms originating

in bioinformatics has furthered SNP detection throughput, and will continue to in-

crease the accuracy [32, 33]. This has allowed for increasing potential of forensics

investigations to use SNP data, and for computational methods that can streamline

SNP calling. Likewise, STRs are going through a similar technological advance-

ments. STRs have been the most commonly used bio-marker for forensic identifica-

tion [34], and there is a mounting number of bioinformatic approaches that are being

used both to collect STR data and for processing [35–38]. These tools will allow

for more advanced investigations by creating tools that can review information in

high-throughput, in addition to allowing for novel analysis of samples.

Lastly, Mitochondrial DNA (mtDNA) has been a technique increasingly used,

especially because of the potential to gather lineage information [29]. As for the

SNP and STR forensic methods, computational tools have been implemented for

improving the accuracy of mtDNA methods [39]. Traditionally, it was only the non-

coding control region of the mtDNA that was used for analysis [40, 41], but efforts

have been more recently aimed at other hyper variable regions of the mitochondrial

genome. To supplement new mtDNA approaches, databases have also been built to

identify haplogroups dependent on mtDNA profiles. These most often make use of

phylogenetic methods to identify the haplogroup clusters [42,43]. There are also other

methodologies becoming used for forensic analysis, including the identification of

methylation to distinguish between monozygotic twins [44,45], as well as the potential

use of proteomics in forensics [46]. Overall, it is apparent that bioinformatics will play

an essential role in the curation, storage, and analysis of data for biological forensics.
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Figure 1.2 : Single nucleotide polymorphisms (SNPs), short tandem repeats (STRs),
and polymorphisms in the mitochondrial genome (mtDNA) all play a crucial role in
molecular forensics. These can be used together in an investigation, as well as be
furthered by the use of bioinformatics.
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Metagenomics and Microbial Forensics

Another potential avenue for the synergy between biodefense, forensics, and biosecu-

rity is with metagenomics. As mentioned previously, the 2001 “Amerithrax” attacks

sparked the creation of the entire field known now as “Microbial Forensics” [47]. A

typical microbial forensics investigation is similar to that of a traditional crime scene

investigation, differing in that a microbial forensics investigator would be focused on

the collection, analysis and etiology of biological samples [7, 48]. Recently, in Jan-

uary 2018, the Mid-Atlantic Microbiome Meet-up (M3) organization came together

to discuss efforts in metagenomic methods for pathogen detection. The discussions

focused on a myriad of issues including sequencing sensitivity, increasing the research

aim of focus beyond pathogens, microbial communities, and bioinformatics tools used

in metagenomics [49]. This conference showcases the connections between metage-

nomics and pathogen investigations, and the need for bioinformatics tools that may

be useful in both fields.

There are many metagenomics-focused investigations that additionally point in

the direction of microbial forensics, such as identifying how washing frequency, hand-

edness, and host-gender influence bacterial populations on bodily surfaces [50, 51].

However, it should be noted that these bacterial communities have been found to be

dynamic. This is exemplified by varying abundance levels [52], as well as genomic

changes while inhabiting different bodily niches [53]. These could therefore complicate

efforts to accurately use this information for forensic investigations [54]. Conversely,

there is building evidence that there are stable populations that could potentially be

exploited as identifiers [55]. This would allow for a metagenomic sample collected at

a crime scene to be used for identifying potential suspects. There is a lot of potential

for microbial forensics techniques to be used in forensics [56], and this technique is
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likely to hold potential in forensics, biosecurity, and biodefense.

Biosurveillance

Another avenue for bioinformatics in the scope of biosecurity and biodefence is surveil-

lance. It is vital to have real time data about a pathogen or other biological agent to

ensure the appropriate amount of response and readiness. In particular, biosurveil-

lance can be described as the collecting of data in relation to emerging biothreats [57].

The use case for biosurveillance in the case of diseases spreading can be seen with the

identification of Bat Congo Virus in the Republic of Congo, arenavirus in Zambia,

or more recently, the surveillance and bioinformatic analysis of ebola in Geneua and

Seirra Leone [58–60]. These types of analysis could have been potentially deployed

at an increased scale for the 2019-2020 novel corona virus outbreak [61], as shown

by the finding of several new corona virus strains identified in bat populations [62].

Motivated by global pandemics and locally occurring epidemics originating from an-

imals [63], these systems for continuous analysis will come to fruition as sequencing

technologies continue to improve.

In addition to the surveillance of natural disasters, the potential of surveillance

is prevalent with genetically modified organisms released into the environment. This

could be of increasing importance as the number of genetically modified crops is

continuing to grow [64]. As an illustrative use case, real time PCR has been used

to identify the transmission of transgene crops [65], and thereafter, a bioinformatic-

statistical framework was put in place to determine coverage needed for accurate

detection [66]. While many gaps in biosurveillance still exist, the potential of these

systems- especially using genome sequencing with long read sequencing- is beginning

to mount. Different proposals for how these systems could be distributed, built and
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regulated highlight future use cases [67].

1.3 Enabling Technologies

1.3.1 Reading DNA: Sequencing technologies

The past century has been characterized by a monumental paradigm shift in the way

biologists view DNA, the blueprint of life. The structure of Deoxyribose Nucleic Acid

(DNA) was published in Nature in 1953, using crystallographic data from Rosalind

Franklin and Maurice Wilkins, setting the foundation for modern day biology [68].

This landmark discovery was highly regarded by scientists and became a central

theme in popular science. Another landmark experiment from Avery, MacLeod, and

McCarty showed DNA as the primary hereditary material [69]. While these early

experiments are widely recognized as fundamental paradigm shifts in genetics, the

initial discovery of DNA was in 1869 by Friedrich Miescher [70]. He had extracted

DNA and purified it, but not realized the substance he had obtained was the core

blueprint of life.

After the 1953 publication illustrating the structure of DNA [68], the race to un-

lock the genetic code was in full gear. Many technical advancements took place in the

beginning stages of sequencing; however, there are several notable achievements that

gave rise to modern day sequencing technologies. The Sanger and Maxam-Gilbert

approaches were both used early on, respectively employing a partial digestion tech-

nique and chemical cleavage to identify the bases in a sequence using an acrylamide

gel. One important factor that led to significant further development of the Sanger

method was its dependence on very slow, highly limiting enzymatic digestion [71].

This bottleneck was eliminated in 1977 with the advent of modified DNA monomers,
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the dideoxynucleotides (ddNTPs), which lack both the 2’ and 3’ hydroxyl groups

naturally present.

Complementary DNA strands incorporating these ddNTPs would terminate or

stop growing prematurely. Using this as a basis for an improved process, four reaction

chambers, one for each dideoxynucleotide (i.e. adenosine (A), thymine (T), guanine

(G), and cytosine (C)) [72] (Figure 1.3-A), would produce replicates of parent DNA

strands of varying lengths according to the normal occurrence of a specific base pair.

Size chromatography (gel electrophoresis) could then separate the resulting strands by

molecular weight and allow rapidly accelerated sequencing. The ddNTP update to the

method was followed by many new advances, including fluorometric detection, which

made it feasible to sequence an entire polymer within one capillary tube (instead of

four) [71]. This later became one of the primary methods for sequencing the entire

human genome [73].

Second Generation Sequencing Technologies

The next big improvement in DNA sequencing came with “second generation sequenc-

ing”, in which DNA is sequenced as it is being replicated, typically using an array

of sequences that are imaged after a new base is incorporated [74] (Figure 1.3-B).

This is a process referred to as sequencing by synthesis (SBS). This framework was

first characterized by a technique called pyrosequencing. Pyrosequencing relies on the

release of pyrophosphate during DNA replication by DNA polymerase. The released

pyrophosphate is thereafter converted into ATP by an ATP sulfurylase [75]. The last

step is performed when the newly released ATP is converted into measurable light

using luciferase, and this is repeated for all potential nucleotides in the sequence. This

was later extended to be performed in parallel using water-in-oil emulsion polymerase



16

chain reactions (emPCR) to amplify sequences, and thereafter, was transferred to a

solid flow-cell with a lawn of sequences utilizing a method termed “bridge PCR” (or

amplification) [74]. These techniques were the basis of the 454 sequencer and Solexa

(now Illumina) widely used shortly after the sequencing of the human genome. Il-

lumina sequencing is still the major leading sequencing company, producing highly

accurate, paired or single end, short reads [71].

Third Generation Sequencing Technologies

The most recent innovations in sequencing are centered around the concept of reading

entire molecules without the need for amplification (Figure 1.3-C). The two primary

technologies are single molecule real-time (SMRT) sequencing from Pacific Biosciences

(referred to as PacBio) and nanopore sequencing from Oxford Nanopore Technolo-

gies [76]. George Church hypothesized the potential of nanopores to be used for

sequencing in the late 1980s, and simultaneously David Deamed proposed the use of

nanopore technology by measuring current - there are pictures of these ideas from

his journal dating back to 1989 [77]. The technology went through many rounds of

innovation, but the most notable impacts came with the focused engineering of the

MspA nanopore and the development of an optimized motor protein (Phi29 DNA

Polymerase) for pushing the DNA through the pore [78].

PacBio sequencing works by creating a circular strand of a DNA molecule using

adapters on each end, then using a polymerase to incorporate fluorescent base pairs.

The incorporation of these base pairs allows identification using a processing unit

called a zero-mode waveguide (ZMW). The ZMW allows for characterization of the

smallest signal concentration of fluorophores [74, 79]. Nanopore sequencing works by

passing a contiguous strand of DNA through a nano-size pore (most recently, this
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is the bacterial secretion channel CsgG [77, 80]). As the strand is passing through

the pore, a current differential is created on each side of the membrane holding the

nanopore. This transient current has a characteristic signal based on the sequence

passing through the pore, thus allowing for computational tools to resolve the se-

quence identity [81].

The most important impact provided by long read sequencing will be aiding in

the completion of genome assembly. Short reads provided by technology like Illu-

mina do not offer the sequence lengths required to elucidate the correct sequence

of repetitive regions. There are still gaps observed within most reference assemblies

because of difficult-to-sequence repetitive regions, including the human genome. Ef-

forts to assemble genomes using long read sequencing data were spearheaded by the

PacBio community. A notable example of improved genome assembly using PacBio

sequencing is with that of Drosophila pseudoobscura in Richard Gibb’s lab. They built

PBJelly for read mapping and reference correction, and they used it to correct the ref-

erence sequence of the Drosophila pseudoobscura genome. After using PBJelly, they

were able to close 69% of the gaps in the reference genome, illustrating the benefits

of using long read sequencing for correcting genome assemblies [82]. The first report

of an entire bacterial genome assembly using nanopore sequencing came in 2015. The

lab was focused on sequencing the genome of Escherichia Coli using corrected reads

from the labs in-house tool “poretools” [81,83,84]. Thereafter, a consensus corrector

called “nanopolish,” also built in-house, was used to correct the assembly using the

raw nanopore data. This allowed the authors to obtain a 99.4% nucleotide identity

in comparison with the reference genome using only nanopore data [83].

Given nanopore is a portable technology, researchers have also deployed genome

sequencing in the environment. A notable example of this was during the 2015 Ebola
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outbreak in Guinea [60]. Packing up a miniature laboratory in a suitcase, the lead

author Joshua Quick traveled to Guinea to test the possibility of portable genomic

surveillance during the outbreak. Remarkably, 125 of the samples resulted in charac-

teristic sequences, and through alignment, consensus sequences were constructed for

the samples. These outcomes aided the authors in a phylogenomic analysis resulting

in the elucidation that there was transmission between Guinea and Sierra Leone in

early 2015 [60]. In general, the potential for long read sequencing to improve the

current status of genome assemblies will be realized through the next decade.

Both PacBio and nanopore have the potential to detect base modifications, and

in particular, have been shown to detect methylation events [85, 86]. The ability for

these technologies to detect modifications relies on the kinetics data. PacBio sequenc-

ing uses a technique called inter-pulse duration. This looks at the time between base

incorporation for a given sequence [79]. Nanopore depends on a well-characterized

current signal for detecting methylation signals, which can be elucidated using a hid-

den markov model. In contrast to these methods, second generation sequencing relied

on the bisulfite sequencing technique, where unmethylated cysteines are converted to

uracils [85]. Having the ability to get two signatures during one sequencing run in-

creases the information gained per time, thereby giving potential users more of a

reason to couple experiments with long-read technologies.

1.3.2 Writing DNA: Synthesis technologies

The ability to “write” the genetic code, using DNA and RNA synthesis, has not ex-

perienced the same level of advancement as sequencing. The first report on DNA

synthesis was in 1955 of a dinucleotide using a condensation-deprotection approach,

and, thereafter, verified using enzymatic digestion with prostatic phosphatase and



19

Figure 1.3 : Three generations of sequencing technology. (A) The first generation of
sequencing technology sequenced one polymer/sequence at a time, and it depended
on both size exclusion principles and modified nucleotides (dideoxynucleotides) for
terminating elongation. (B) Second generation sequencing technologies work using a
technique known as sequencing by synthesis, which images the most recently added
labeled-nucleoside before adding another monomer. This can be performed in parallel,
on a plate (as shown in the example). (C) Third generation sequencing technolo-
gies (also called “long-read”) sequence the entire DNA polymer without the need
for fragmenting. Long-read sequencers detect nucleotide bases using many different
approaches and methods, in comparison to the second or first generation sequencers
that all use very similar techniques.
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thin layer paper chromatography [87]. Roughly 30 years later, in 1981, a ground

breaking method for the chemical synthesis of 2’-deoxyoligonucleotide (DNA) was re-

vealed using phosphoramidite chemistry. The phosphoramidite chemistry allowed for

room temperature intermediates as well as removal of the protecting group using weak

acids [88]. This chemistry is still the primary foundational method used to prepare

oligonucleotides today. Since this discovery, automated robotic synthesis instruments

have expanded scalability and the use of micro arrays have made the synthesis of many

polymers simultaneously more feasible [1,2]. This has increased the number of oligos

that can be produced within a given time frame, but the phosphoramidite approach

is still limited by size constraints of 100-200 nucleotides. Bypassing these constraints,

methods utilizing oligo-specific amplification followed by overlap extension have al-

lowed for gene synthesis. In addition, there have been attempts at synthesizing entire

genomes, both in vitro and in vivo [3]. These advancements have paved the way for

current biological applications, including polymerase chain reaction (PCR), plasmid

construction, protein design, and the entire field of synthetic biology.

Purines are pyrimidines are naturally-synthesized within specific biological path-

ways in all organisms as part of cellular housekeeping processes. In addition to the

basic molecular physiological requirements for life, these pathways are integral to the

natural evolution of life and all biological processes. Each pathway is characterized

by the important starting reactant, PRPP (5-phosphoribosyl-1-pyrophosphate). This

starting molecule comes into play for both regular DNA biosynthesis and salvage path-

ways synthesis in plants. There are two major genes associated with PRPP including

ATase1 and ATase2, both of which have been shown to be localized within specialized

tissue of the arabidopsis plant. The synthesis of this initial enzyme has been shown

to be regulated by feedback mechanisms in the case of high nucleotide concentrations
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or salvage pathway products, thereby modulating the synthesis of both purines and

pyrimidines [89]. This highly characterized, well-studied, system regulates the bio-

chemical production of DNA, producing the monomers of DNA replication and life

itself.

The synthetic chemical synthesis of DNA and RNA has enabled a multitude of

molecular biology techniques to surface; it has enabled mankind to write the blue print

of life. As previously mentioned, the first attempt at DNA synthesis was in 1955, and

this was followed by a major advancement in DNA synthesis chemistry: phospho-

ramidite chemistry. The major innovation in this technique is the introduction of

2’-deoxynucleoside 3’-phosphoramidites used for the electrophilic step of monomer

addition. This step-wise reaction adds a nucleoside each turn of the cycle, followed

by a washing procedure to clean the reaction column. Within the chemical synthe-

sis, the 5’-hydroxyl acts as the nucleophilic moiety, targeting the 3’-phosphoramidite

of the incoming monomer. The polymer extension is halted after removal of the

dimethoxytrityl protecting group and addition of a single nucleotide to the 5’-end

of the polymer – washing with a weak acid, such as trichloroacetic acid, results in

deprotection [88]. These protecting and leaving groups allow for a step-wise synthe-

sis, where each nucleoside monomer is added per each round of coupling-washing-

deprotection. The phosphoramidite chemistry enabled manual room temperature

synthesis of oligonucleotides using column approaches, and more recently, using mi-

cro array technology [3]. Using a column, the extending polymers are attached to

HPLC-grade silica, allowing for polymer extension in a column-specific manner. In

contrast, The microarray synthesis allows many oligomers to be synthesised in par-

allel [3]. Many of the array-based synthesis techniques allow for spatially separated

synthesis focused on the deprotection step [1].
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Towards Genome Synthesis and Design

Many of these initial synthesis techniques can be extended to synthesize longer DNA

polymers, potentially reaching genome-scale lengths. Current methods allow for ex-

tension of synthesized oligos into gene-length fragments. There are two major tech-

niques for this: (1) one-pot reactions from the micro-array products; (2) spatially

partitioned amplification followed by assembly [1]. These techniques can be useful for

assembling genes, metabolic pathways, synthons, and may be used for whole genome

assembly [3]. This is, in essence, a synthetic organochemical synthesis followed by

elongation using natural biological processes.

In the case of producing gene-length products, whole genome synthesis has been

accomplished using organic synthesis followed by biological extension. One ultimate

goal of synthetic biology would be to establish a method of denovo genome design, but

the first steps will be incrementally laying the foundational techniques, software, and

technologies for whole genome synthesis. Current methods for biologically-induced

synthesis, hereinafter referred to as assembly, primarily rely on the concept of homol-

ogous overhang between DNA strands to be combined. Some examples of assembly

include Gibson assembly, Golden Gate, and overlap extension [90]. The concept of the

homologous overlap can be utilized to extend chemically-synthesized DNA oligomers

into longer polymers using purified enzymes or in vivo.

A major breakthrough example of this was at the J Craig Ventor institute (JCVI),

where the genome of M. capricolum was replaced with a minimal genome of M.

mycoides. The researchers were able to strip down the original genome ofM. mycoides,

consisting of 525 genes, to that of 473 genes. This significantly reduced the size of

the genome, thereby identifying a minimal set of genes required for sustaining life

M. mycoides [4]. Shortly thereafter, Nili Ostrov et al. published work on refactoring
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codons found in E. coli. In essence, the goal was to redesign the genome of the E.

coli strain to create an orthogonal chasis with a focus on bio-containment. Because

the refactored strain will be missing essential codons, it will be practically unable to

exchange genetic material with viruses, bacteria, or the environment. They used a

similar approach to Hutchison III et al. in that there was a step-wise approach to

first synthesizing the new genetic material, creating intermediate fragments. However

the approach differed in that they added these fragments to the genome instead of

complete chemical synthesis [91]. More recently, these genome synthesis approaches

have been applied to mammalian cells.

Richardson et al. used genome design-build-assemble-test-learn cycles to create

synthetic yeast chromosomes. With several labs working in conjunction, Sc2.0 Con-

sortium teams were able to construct three yeast chromosomes using a chemical syn-

thesis to assembly strategy like Hutchison III et al. However, there were two major

differences between Hutchison and Richardson: (1) the chromosomes had ’unnatural’

functional motifs and codon modifications added; (2) They used a step-wise assembly

approach for which they called SwAP-In. The synthetic chromosomes were shown to

propagate in both haploid and diploid yeast constructed from endoreduplication [92].

These technological innovations in genome synthesis and construction shed light on

the future of genome-scale synthesis. In addition, they implicate what may be ex-

pected from the field of synthetic biology as more fundamental biological processes

are unraveled.

Automating DNA synthesis

Automation will play a critical role in biopolymer synthesis, as the crucial require-

ment to scale will play an increasing role in production. The ability to synthesize
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Figure 1.4 : DNA synthesis at different scales. (A) This figure illustrates the cycle
of DNA synthesis used in the phosphoramidite chemistry [1]. (B) The next level
up from a column synthesis would be that using a microarray to synthesize oligos in
parallel [2] (C) An approach to synthesize whole genes is shown using the product of
a microarray synthesis. Here overlapping regions are extended in a one pot reaction,
before being mixed together for further extension [3]. (D) Genome level synthesis
has been illustrated in M. mycoides. Here the general strategy for synthesis is shown,
where layers of overlapping regions are scaled up and verified using sequencing [4].
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biological materials has been realized with new technologies and chemistries, and the

ability to scale closely-follows using machine automation. Automation has the po-

tential to reduce the costs of synthesis, reduce error, decrease reagent waste, ensure

reproducible procedures, and more than anything, decrease the time it takes to make

product. Within the field of DNA synthesis, industry-focused institutions quickly

created automation methods and machinery in order to scale synthesis efforts, but

these machines were error-prone and produced oligonucleotides in small samples. For

this reason, several academic groups attempted automating the process of DNA syn-

thesis. In 1995, Sindelar et al. and Lashkari et al., seemingly unaware of each other,

independently built machines capable of automating oligonucleotide synthesis. These

were similar in approach, both using a 96-well format to synthesize oligonucleotides

in parallel. Both approaches used solenoid valves for controllable liquid dispensing,

resembling an ink-jet printer-like method for printing nucleosides into each well of

the plate for the phosphoramadite chemsitry cycle (discussed above) [93, 94]. These

inventions demonstrate early efforts to automate and scale DNA synthesis with ma-

chinery. While these publications show academic interest, most of the automation

efforts are made in industry, under patents, rather than academic articles, making

progress more difficult to duplicate.

Just as automated chemical DNA synthesis saw pre-industry adopters, longer

length synthesis efforts are currently being automated. A prime example of automat-

ing assembly was presented by Linshiz et al. [93], where a microfluidic platform was

used to automate DNA construction, Gibson Assembly, and cloning into bacterial

and mammalian cells. Isothermal hierarchical DNA construction (IHDC) was used

to stitch together smaller synthesized fragments of DNA, and subsequently, Gibson

Assembly was used to extend the longer fragments. Of note, a software dubbed j5
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was used to help facilitate the Gibson cloning, further automating the planning of the

assembly [95]. As a proof of concept, the platform was used to stitch together smaller

DNA fragments into GFP using a hierarchical construction tree for mixing events. In

addition to synthesis of long DNA constructs, the platform was also able to perform

cloning and functional assays [96]. While a single example, this microfluidic platform

shows the potential to automate assembly techniques, which could theoretically be

extended to genome synthesis (as discussed above). There is an increasing community

effort to create bio-foundries with the sole aim of automating processes in synthetic

biology. These foundries would incorporate high-throughput devices, computer-aided

design software, as well as workflows and tools for improving human-handled pro-

tocols. The iBioFAB foundry at the University of Urbana-Champaign serves as a

successful example, being able to build TALENs at 0.3% the original cost. Simi-

lar foundries exist all over the world, with the goal of expediting synthetic biology

processes [97, 98].
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Chapter 2

SeqScreen

2.1 Introduction

Rapid advancements in synthetic biology and nucleic acid synthesis, in particular con-

cerns about its intentional or accidental misuse, call for more sophisticated screening

tools to identify genes of interest within short sequence fragments. One major gap

in predicting genes of concern is the inadequacy of current tools and ontologies to

describe the specific biological processes of pathogenic proteins. The objective of this

work is to design software that sensitively assigns taxonomic classifications, func-

tional annotations, and biological processes of interest to short nucleotide sequences

of unknown origin (50bp-1,000bp). The overarching goal is to perform sensitive char-

acterization of short sequences and highlight specific pathogenic biological processes

of interest (BPoIs). The SeqScreen software executes these tasks in analytical work-

flows with Nextflow and outputs results in a tab-delimited report. Local and global

alignments differentiate hits to taxonomically-related sequences from similar but un-

related sequences, and an ensemble approach leverages multiple tools and databases

to assign a variety of functional terms to each query sequence. Final biological pro-

cess assessments are made from the predicted functional annotations, which leverage

information in pre-existing databases, as well as new custom biocurations. Machine

learning models predict each biological process of interest on large protein databases

before incorporation into the SeqScreen framework to streamline computational effi-
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ciency, ensure reproducible results, allow for version control, and facilitate the review

of the automated predictions by expert biocurators. The SeqScreen source code is

available at https://gitlab.com/treangenlab/SeqScreen.

2.1.1 Background

The cost of synthesizing customized nucleic acid sequences has dropped significantly in

the last two decades, and the number of individuals ordering designer oligonucleotides

has skyrocketed. While these advances deliver many benefits, they also introduce the

risk of inadvertently or intentionally creating a potential biothreat [99, 100]. This

concept is commonly referred to as the “dual-use dilemma”, where research could

be used for both good and bad. This is particularly important when considering

applications of synthetic biology. One specific example is the genetic engineering of

gene drives. Gene drives aim to expand a specific trait within a population, thus

allowing for designer phenotypes to be spread throughout a local community. Many

gene drives have focused on the regulation of mosquito populations to prevent the

spread of mosquito-borne diseases like malaria [101, 102]; however, gene drives may

also be used, for example, to select for mosquito populations that transport bacterial

toxins [103]. This represents only one particular example, yet related dual use cases

have been seen throughout synthetic biology and other biotechnological fields.

The use of methods stemming from bioinformatics to screen potentially dangerous

sequences offers a promising route for biodefense. The 2018 Winter Mid-Atlantic

Microbiome Meet-up (M3) demonstrated different use cases for bioinformatics tools in

biodefense and pathogen surveillance, and furthermore, the conference helped to shed

light on current pitfalls of such approaches [49]. One major limitation is that public

sequence databases and standardized ontologies, such as the Gene Ontology [104,105],
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offer a limited set of features to describe pathogenic functions. This has opened the

door for critical bioinformatic advancements to enhance functional predictions from

potentially dangerous sequences.

While guidelines and best practices have been previously proposed [10], accurate

and complete characterization of synthetic DNA sequences remains an open challenge

that requires novel approaches [13,106]. A study by Mahé and Tournoud investigated

the ability of using regression models to select for k-mers involved in resistance to

certain antibiotics. This effectively created a probabilistic model for predicting resis-

tance from the DNA sequence alone [107]. Other research has focused on the danger

of short peptides, which are increasingly being explored for their promising therapeu-

tic uses. One such study used support vector machines to discriminate toxic peptides

from non-toxic peptides. While this research offered little explanation to the mecha-

nisms of the toxicity, it showcased the ability of computational approaches to quickly

screen proteins [108]. A related study focused on creating a computational model

for predicting the hemolytic capabilities of a given peptide, further illustrating the

benefits of computational approaches in predicting possible dangers using only the

sequence [109]. There also exist specific toxin prediction tools, such as those targeted

for cone snail toxin (conotoxin) identification [110]. While these research endeavors

illustrate the use of bioinformatics for biodefence, there is an existing technical gap

in efficiently predicting the functional potential danger of a given sequence.

SeqScreen is a computational pipeline developed to leverage expert biological

knowledge and machine learning approaches to better curate pathogenic proteins.

As a proof of concept, a selection of biological processes of interest (BPoI) were com-

piled in house to further annotate and highlight proteins with important pathogenic

features. SeqScreen also offers a “fast mode” option to rapidly find common sequences
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matches, as well as a “default mode” to more sensitively determine taxonomic and

functional characterizations. The outputs of either approach can then be used by

machine learning models to predict the BPoIs for each input query sequence. In sum-

mary, SeqScreen’s novel pipeline fills a current gap in software needed for determining

the pathogenic features of interest from an unknown sequence.

2.1.2 SeqScreen High-Level Design and Components

The SeqScreen pipeline was constructed as a means of sensitively characterizing short,

unknown oligonucleotide sequences. SeqScreen was built using a durable, lightweight

and portable workflow manager called Nextflow [111], which allows for modular work-

flows to be combined into a single systematic pipeline for characterizing input se-

quences (Figure 2.1). The pipeline accepts nucleotide FASTA files as input. The

initialization workflow converts all ambiguous nucleotides in this input to their cor-

responding unambiguous possibilities, and also performs six-frame translations of

nucleotide to amino acid sequences for input into downstream modules. After ini-

tialization, the many included modules work together to output a wide variety of

functional and taxonomic information that aids in predicting BPoIs.

SeqMapper

The SeqMapper workflow of the SeqScreen pipeline is focused on traditional detection

of Biological Select Agents and Toxins (BSAT) sequences through nucleotide (Bowtie2

[112]) and amino acid (RAPSearch2 [113]) alignments to BSAT reference genomes, as

well as the detection of a variety of other features. While this workflow reports hits to

BSAT genes and proteins, it does not determine whether or not a gene is of interest

at a functional level (e.g., BSAT housekeeping and toxin genes have equivalent hits
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in this portion of the SeqScreen pipeline with no functional differentiation between

the two). Downstream workflows are used to capture and collate this functional

information and identify biological processes of interest. Other features of interest

captured by the SeqMapper workflow include HMMs identified by HMMER [114]

from Pfam [115] proteins.

Taxonomic Classification

The “default” and “fast” modes of SeqScreen execute slightly different taxonomic clas-

sification workflows. Both options leverage alignment methods to known organisms

classified with NCBI taxonomic IDs, but fast mode uses DIAMOND ( [116]) rather

than BLAST [117] to speed up the process. Default mode runs the more computation-

ally intensive steps of BLASTN with NCBI nt database [117] and BLASTX [117] [118]

with UniRef100 database [119] to sensitively query expansive public nucleotide and

protein databases. The cutoff for top hits within the BLASTN results is determined

by an outlier detection method, where Bayesian Integral Log-Odds scores [120] split

the sequence alignments [121].

After determining the most likely taxa for a given input sequence, an ensemble

approach is used for the final taxonomic assignments. Top hits are independently

selected from the outputs of BLASTN/BLASTX (default mode) or DIAMOND (fast

mode) and merged together in a single file. The relative likelihood for each taxonomic

assignment is provided in the final output file, and an optional LCA step is available

if users would like to report a single taxon for each sequence from its array of top

hits.
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Functional Characterization

The functional characterization workflow of the SeqScreen pipeline uses high perfor-

mance tools to identify a broad range of functions in the input sequences. Similar to

the taxonomic classification workflow, default and fast mode execute different tools

and databases. In default mode, the unambiguous nucleotide sequences are queried

for restriction sites through MUMmer [122] alignments to REBASE [123], a restriction

enzyme database, and screened for antimicrobial resistance genes through BLASTN

alignments to MEGARes [124], an antibiotic resistance database. Default mode also

runs InterProScan [125] for protein motif detection and functional predictions. Inter-

ProScan is equipped with a database that integrates several member protein databases

together, which enables queries into multiple rich sources of protein information [126].

Fast mode does not run these modules and relies solely on DIAMOND [116], a module

exclusive to fast mode, to retrieve functional information.

Compiling Functional Annotations

Both default and fast modes compile functional annotations with a final assignment

script that combines all of the module outputs and reports molecular function and

biological process GO terms. This script identifies GO terms found with BLASTX or

DIAMOND in the taxonomic classification workflow, as well as GO terms detected by

other tools run in default mode. The GO terms for each sequence, out of all possible

GO terms, are generated and added to a unique set to prevent duplicates. The

GO term assignment is comprehensive in that it also includes obtaining parent GO

IDs. The output report from this approach includes an expectation value (E-value), a

predicted gene name, predicted UniProt ID, and the selected GO terms, leveraging the

strengths of all programs used in the SeqScreen functional characterization workflow.
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The output report is also returned as an html file, where users can interactively

access the information returned for each sequence. The main html page consists of

tabulated sequences and columns for each of the predicted annotations (Figure 2.2).

This gives users quick access to the input DNA sequences, associated BPoIs, organism

names, gene names, and GO terms linked to each sequence using SeqScreen. The

user can filter the sequences using length, organism, and gene name. In addition,

there is the option to view the network of all predicted GO terms and associated

ancestral nodes (Figure 2.3), which represents the sub-graphs expected to capture all

potential functions of the sequence. Collating all of the predicted annotations into

an interactive browser allows users to easily explore sequence information garnered

by SeqScreen. This in turn expedites the process of reviewing functional information

about a sequence of interest, thereby allowing for subjective sequence analysis.

2.1.3 Ultra Brief Overview of Machine Learning

The term “machine learning” was coined in 1959 by Arthur Samuel. The original

goal was to apply a method called “reinforcement learning” in an effort to teach a

computer how to win a game of checkers [127, 128]. Later, Tom Mitchell created a

more formal definition where a task (T), performance metric (P), and an experience

(E) are used to train and improve the performance of a machine [129]. The three most

commonly discussed types of learning are: (1) Supervised Learning; (2) Unsupervised

Learning; and (3) Reinforcement Learning.

Supervised learning is based on the idea of optimizing a model based on given

training data. The model is optimized on these data, and thereafter the model is

applied to a new data set for analysis. Conversely, unsupervised learning does not use

any training data. Unsupervised techniques try to classify (most often) or distinguish
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between raw data with assigned features. An example of this in bioinformatics is

the use of Principle Component Analysis (PCA) or stochastic Neighbor Embedding

(tSNE) for single cell RNA-seq [130, 131], allowing for the clustering of cell types

based on differential gene expression. Reinforcement learning is the act of a machine

learning through a process similar to that of operant conditioning (psychology) [132],

where being right or wrong guide the optimization of the underlying algorithmic

functions [133]. These techniques may all be applied to the field of bioinformatics,

opening the door to statistical techniques that learn from data.

2.1.4 Applications of Machine Learning in Bioinformatics

Machine learning has been used extensively in the field of bioinformatics, being used

in fields such as protein prediction, functional annotation, and phylogenetics [134]. As

an example, computational protein design (reviewed in the appendix section “Bioin-

formatics and Biodefense in the age of Synthetic Biology”) hinders on the progress of

protein structure prediction [135]. Therefore, the need of accurate protein structure

prediction is of high necessity. It is for this reason that the annual Critical Assess-

ment of Structure Prediction (CASP) judges different team’s abilities to predict the

structure of proteins when only given the sequence [136]. The 2019 competition was

taken by storm as google’s Alphafold had the best performance, out competing the

closest competitor by an order of magnitude [137]. AlphaFold works by predicting 3-

dimensional interactions using a pipeline that integrates information from a multiple

sequence alignment and the input protein sequence, a convolutional neural network,

and uses the resulting distance and torsion bins to optimize a protein-specific potential

energy function (force field) [138].

The use of machine learning in bioinformatics can also be extended to the predic-
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tion of function given a protein sequence. Kulmanov et al. developed the application

DeepGO, which takes a protein as input and returns a list of GO terms along with

probability scores for each [139]. This technique uses a convolutional neural network

trained on swissprot annotated proteins with a 1D convolution and max pooling, fol-

lowed by a fully connected layer and hierarchical classification. Similar to Alphafold,

DeepGO has also showcased performance advantages by competing in a community-

wide challenge. The chalenge was for functional annotation and prediction, called the

Critical Assessment of Functional Annotation (CAFA) [140].

While machine learning techniques can be incredibly helpful for traditional bioin-

formatics applications, there is also a growing number of use cases for synthetic bi-

ology. For example, there is the potential to extend machine learning algorithms to

assist with the goal of directed evolution of proteins [141], or the design of proteins,

as in the case of GFP [142]. The techniques used within the fields of machine learning

and artificial intelligence will continue to be used for biological applications, and it is

expected that they will become more accurate as the vast amounts of data continue

to grow.

2.1.5 Machine Learning Methods for Predicting Biological Processes of

Interest

Truth Set Data from Biocurator Classifications

Manual classifications by biocurators are essential for many reasons, but they are also

time consuming and susceptible to bias from an individual’s experience or opinions.

Machine learning offers tools that can serve as an accelerator and aid to biocurators

to identify new features and capture overall method performance. Biocurators can

review information output by machine learning algorithms to verify that results are
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valid, and provide additional training data and feedback to predictive models to im-

prove them over time. Such a process expedites and scales the biocuration process

beyond what is currently possible with limited staffing and funding [143]. With this

in mind, the proteins identified by the biocurator definitions in Table 2.4 were used

as a gold standard truth data set for training a machine learning model to determine

if more examples could be curated for the BPoIs in SeqScreen. Although a large

number of GO terms and keywords were correlated with each BPoI, these were often

not specific enough to identify pathogenic functions because many GO terms and

keywords apply to both host and pathogen biological processes. To improve the pre-

cision in identifying only pathogenic proteins, all biocurator-defined BPoIs definitions

excluded proteins that were derived from taxa that did not contain pathogens (e.g.,

archaea (taxonomy:2157), S. cervisiae (taxonomy:4932), C. elegans (taxonomy:6239),

mammals (taxonomy:40674), fruit fly (taxonomy:7215), bony fishes (taxonomy:7954),

birds (taxonomy:8782), rice (taxonomy:4527), or Arabidopsis (taxonomy:3701)).

A set of highly rated (4 and 5 star) SwissProt proteins were annotated according

to the biocurator-defined BPoI classifications in Table 2.4, and subsequently used

as the truth data set to train and evaluate all machine learning analyses described

here. In addition to BPoIs, other biocurated features were included in this truth data

set, such as whether a protein targets humans, primates, livestock, or crops. After

training, the models were used to generate BPoI assessments for the entire UniProt

databank, thus creating a pre-computed lookup table that can be used by SeqScreen.

After SeqScreen assigns UniProt IDs to input sequences, this lookup table maps each

UniProt ID to the set of BPoIs predicted to be associated with each protein. Figure

2.5 shows a breakdown of the BPoIs predicted for all proteins in UniProt.
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Support Vector Classifier Feature Selection

To begin analyzing the impact of machine learning on SeqScreen, two simple machine

learning models were evaluated. The first model was the support vector classifier

for both feature selection and BPoI classification. The second method ran neural

networks to classify BPoIs based on the selected features from the support vector

classifier. The overall goal for the machine learning portion of SeqScreen was two fold.

The first aim was to improve the curated queries by selecting GO terms and keywords

not in the original UniProt queries. The second aim was to utilize these machine

learning algorithms for automating BPoI classification. To satisfy the first aim, a

support vector classifier (SVC) was used because of the large number of input features.

In addition, SVCs may be used with an L1 penalty, ensuring that only important

features are selected. Solving the second aim, an SVC with binary classification was

used to indicate the presence or absence of an individual BPoI.

When classifying BPoIs, or when selecting the neural network features, we used a

Support Vector Classifier [144] with a linear kernel from the sklearn.svm.LinearSVC

module within the Scikit-learn library [145]. The LinearSVC module uses the LIB-

LINEAR library for implementing the SVC, which uses a coordinate descent method

for training [146, 147]. The default squared hinge loss was used for the loss function

and an L1 regularization penalty was selected to cause the coefficients of the classifier

to become sparse (and go to zero). Separate classifiers were trained for each BPoI.

The L1 regularization of the classifiers searched for GO terms and keywords that were

common to a given BPoI.

To train these classifiers, the truth data set was randomly split into testing and

training subsets. First, a test set of 25% (the amount was an adjustable parameter

that defaulted to 25%) of the data was set aside to test the performance of the
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models after training was completely finished. In the case of the neural network

training, the remaining data used to train the model was further divided into another

subset (default size of 25%, but also an adjustable parameter) used as validation

data to evaluate the performance of the model after each training epoch. Random

oversampling is available as an option within the code base and was applied to balance

the training classes (has-BPoI and has-not).

Prediction of BPoIs Using a Neural Network

While fitted SVC models along with the selection of relevant features can directly

generate BPoI predictions, an alternative approach can use neural network learning.

In this case, the SVC models are used as feature selection tools, where for each

BPoI, the set of features associated with non-zero coefficients in the SVC model are

used to train a neural network that acts as an individual binary classifier for the

BPoI, as shown in Figure 2.6. These neural networks were constructed with densely

connected, forward-feeding sequential layers and employed Adam [148] optimization

for parameter training.

2.2 Results

The unification of multiple characterization workflows allows for an all-inclusive pipeline

for determining the underlying BPoIs, as well as thoroughly annotating the functional

profile of an unknown, potentially very short sequence. SeqScreen can be run in de-

fault mode to capture as many functional annotations as possible for BPoIs predic-

tions, or in fast mode to use a subset of the programs with a focus on optimizing run

time. Based on internal benchmarking, SeqScreen assigns the correct taxon to test

sequences (50bp - 1,000bp) among its reported top hits at greater than 90 percent
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accuracy.

A benchmark against other functional prediction tools was used to evaluate Se-

qScreen performance. A test set of 526 proteins were used for the evaluation. This

test set of proteins was curated using annotated sequences available through the Criti-

cal Assessment of Functional Annotation (CAFA) rounds 1 and 3 [140]. These testing

sequences were used for comparing SeqScreen to pannzer [149], DeepGOPlus [150],

and Interproscan [125]. These tools were used for comparison because they all were

top performers in the CAFA challenge. Once predictions were obtained for each of

the tools tested, precision, recall and F1 score were calculated for comparison to

SeqScreen. Proteins of length 34, 50, 67, and 80 amino acids (cutting from the C-

terminus) were used to test tools for length dependency, and this was done for all

of the 526 sequences. For all lengths, especially at shorter lengths, both fast and

default mode of SeqScreen outperformed all tools used for comparison. SeqScreen

GO terms are assigned with an average precision rate, recall, and F1 score greater

than 90 percent.

Machine Learning Results

As a first step in analyzing the results of the machine learning models, BPoI fea-

tures selected by SVCs were analyzed. Biocurators manually reviewed these non-zero

weight BPoI features and determined them to be reasonable. An example showing

features selected for one BPoI and their overlap with the original manually curated

features is shown in Table 2.4. Statistics for the overlap between manual biocura-

tions and machine learning-derived features for all BPoIs are shown in Table 2.2.

Additional testing on larger data sets will confirm how well this model performs on

predicting BPoIs outside of the truth set.
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Table 2.1 : Support vector classifier selected features (GO terms and keywords) for
the BPoI Adhesion. The features are ordered in descending order of coefficients.

New Feature ID Biological Process of Interest Weight

NO kw-1161 Viral attachment to host cell 1.3847

NO kw-0130 Cell adhesion 1.3625

NO kw-0843 Virulence 1.1773

NO kw-1168 Fusion to host membrane 0.946

YES kw-1160 Virus entry into host cell 0.9058

YES go:0055036 virion membrane 0.4351

YES go:0019031 viral envelope 0.4291

YES go:0019062 virion attachment to host cell 0.2933

YES kw-0167 Capsid protein 0.1895

YES kw-1162 Viral penetration into host cytoplasm 0.1884

YES kw-1188 Viral release from host cell -0.4117

Next, the performance for each of the two methods was evaluated for BPoI classifi-

cation. Performance metrics were obtained for using the SVC alone for classification,

as well as the SVC and neural network classification scheme. The input for both

classification schemes is a binary vector indicating the presence or absence of each

unique possible feature for a given protein (GO terms and keywords), and the binary

output indicates whether each BPoI has been predicted or not. The metrics evaluate

the performance of the two different methods on the test set, which is left out at the

beginning and only used after the completion of all epochs of the training process
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Table 2.2 : Features selected by using the L1 regularization in the support vector
classifier training. The “Query” column gives the number of features used for the
original mappings. The “SVC” column shows the total count of features used by the
support vector classifier.

BPoI Query SVC Intersection Union

Adhesion 6 11 4 13

Secretion 7 4 2 9

Host Cell Death 2 2 2 2

Antibiotic 6 8 4 10

Invasion 8 4 3 9

Evasion 9 7 4 12

Cytotoxicity 3 11 3 11

ECM degradation 5 7 4 8

Disable Organ 5 5 5 5
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Table 2.3 : Scoring Metrics for the Accuracy, Precision, and Sensitivity of the different
approaches used for BPoI prediction from GO terms and keywords.

Method Accuracy Precision Sensitivity

Support Vector Classifier 99.72% 99.52% 94.60%

Feed-forward NN 99.39% 93.75% 98.09%

(an adjustable parameter with a default value of 4). Results for the two methods

are shown in Table 2.3. To gauge a model’s performance, its accuracy, precision, and

sensitivity was quantified with the following equations:

Accuracy = TP+TN

TP+TN+FP+FN

Precision = TP

TP+FP

Sensitivity = TP

TP+FN

Based on these results, it was found that the neural network classification scheme

generally trades a loss in precision for an increase in sensitivity over scheme using

only the SVC.

2.3 Discussion

While these advancements demonstrate the benefits of using a hybrid biocuration

platform by combining expert curation, leading bioinformatics tools and databases,

and ML-based approaches for robust screening of sequences of interest, there are

still many areas that could be optimized. For one, tools in computational biology

could benefit from more standardization and benchmarking data, showing how tools
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comparatively perform on a given test set. This allows for community members to

choose the tools that have the highest relative performance and are most likely to be

helpful for a specific use case [49]. SeqScreen was developed in a modular way, so

its components can each be updated or replaced in the future if new bioinformatics

tools and databases are shown to outperform its current modules and workflows.

As a whole, SeqScreen would certainly benefit from comparisons to other hybrid

biocuration platforms, but to our knowledge, no alternate tools for characterizing

these kinds of BPoIs exist in the open source community.

Another bottleneck of this approach is scalability, since it relies on expert biocu-

rations, GO terms, and keywords for training and test data sets. Given that less

than 1% of all proteins contained in UniProt have high quality annotations, and that

Gene Ontology (GO) terms have limited reach into BPoIs, there is a critical need for

additional curation efforts or functional feature sets to scale this approach. Manual

biocurations have provided an invaluable resource for this project, allowing expert-

level curations of each protein to be used for BPoI validation. Accurately scaling

biocurations will improve the quality of data in predictive models, and may also serve

as a competitive advantage in saving time and money [143]. Likewise, crowdsourc-

ing [151] efforts have shown promise in data retrieval and may represent a promising

approach for expanding, reviewing, and scaling future biocurations.

A focal point in SeqScreen development was explainability, since machine learning

approaches can be applied without any understanding of the reasoning behind the

underlying “black box” model, leaving end users without any justification for their

results [152]. In some cases, machine learning results may also not be reproducible

or consistent on the same query sequence from one run to the next. To address this,

machine learning-based predictions are pre-computed on all of UniProt and integrated
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in SeqScreen as a static lookup file. This allows end users to view all possible BPoI

predictions to assess their biological accuracy, and it ensures that SeqScreen will

reproducibly produce the same result for every protein detected in every run. To

increase explainability further in the future, the machine learning models used for

BPoIs could be solely focused on retrieving the relevant features. These features could

then be used in an end user-curated classification scheme for determining potential

BPoIs.

Future work can also include additional time spent looking into how best to merge

the machine learning methods with manual curation in a harmonious way. Currently,

both machine learning classification schemes used in this paper use a final feature set

determined by the SVC coefficient weights. While it was found that these selected

features overlap well with the previously supplied manually curated features, as well

as add new and useful features, the final feature sets often exclude a few features

that had been previously manually curated (Table 2.2). Alternative strategies could

include taking the union set of both manual and ML based features or a hybrid

approach that iteratively refines features based on alternating rounds of ML and

expert curation.

The pipeline presented within SeqScreen is generalizable to a number of different

questions arising in synthetic biology, biodefense, functional genomics, metagenomics,

public health, and pathogen biosurveillance programs. Its novel ensemble taxonomic

classification approach, along with its extremely thorough functional characterization

capabilities, yields a detailed report on all genes within a data set, as well as high-

lights particular genes of interest or pathogenic importance. As a pipeline aimed at

the detailed functional characterization of microbes from short sequence fragments,

there are many potential applications for SeqScreen, including a tool for evaluating
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the functional profile of metagenomes or discovering new antimicrobial resistance el-

ements. Most biological questions could benefit from a deeper understanding of the

relevant functional mechanisms involved, giving SeqScreen broad applicability and

potential for further development.
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Figure 2.1 : Illustration of SeqScreen workflows and modules. Sequences are pro-
cessed through multiple characterization workflows, followed by the generation of an
automated final report to highlight biological processes of interest. The blue modules
are those used in both default and fast modes of SeqScreen. Green modules are used
exclusively in default mode and the yellow module is only used in fast mode.
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Figure 2.2 : This consists of a screenshot from the opening the output file for the
html report. It contains a tabulated list of all the sequences by row, and the length,
organism, gene name, GO terms, and each BPoI present by column.
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Figure 2.3 : The HTML report file gives users additional options. (A) Both the
character sequence and all associated GO terms my be opened for each input query
sequence. (B) Users can filter the set of sequences by length, organism, gene name
and associated BPoI. (C) The entire gene ontology sub-network associated with a
given sequence can be visualized.
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Figure 2.4 : As a proof of concept to better characterize sequences of interest, biocura-
tors defined a small set of relevant BPoIs from proteins with well-documented negative
effects on host cell biology. Biocurators evaluated how existing GO terms and key-
words could be leveraged to query reviewed Swiss-Prot proteins for examples of each
BPoI.
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Figure 2.5 : Proteins assigned to each BPoI within UniProt. Overall, the number of
assignments amounted to roughly 1% of the entire UniProt database.
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Figure 2.6 : Confusion matrices for three different predictions using a feed forward
neural network. Shown here are the resulting confusion matrices for Invasion, Disable
Organ, and Target Primate. Features with non-zero coefficients were used as input
for the neural networks. The datasets used for discovering the non-zero coefficients
were the automatic queries from UniProt. For this figure, the datasets resulted from
the queries for Invasion, Disable Organ, and Target Primate (as shown in Table 1).
Oversampling was used for class balancing, because there were a varying number of
curated SwissProt sequences for each prediction.
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Figure 2.7 : These plots represent the differences in annotation efficiencies between
different tools used for functional annotation. The four plots differ in the length of the
proteins used for testing the tools. The length of the proteins used for benchmarking
are 34, 50, 67, and 80 amino acids in length. SeqScreen fast and default mode are
represented by the orange and blue pirate plots, respectively.
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Chapter 3

Database Query Tool

3.1 Introduction

Biological databases commonly used in metagenomic profiling differ in taxonomic

composition. This complicates the task of choosing which database to use for a par-

ticular scenario, as well as making a post-analysis review of taxonomic assignments

cumbersome. To mitigate these drawbacks, the Database Query Tool (DQT) is pre-

sented as an effective, easy-to-use, method to investigate the taxonomic composition

of databases commonly used in metagenomics. DQT is an open source project that

is ready to use upon download. The source code is located at:

https : //github.com/signaturescience/metagenomics/tree/master/scripts

. Most environmental samples contain a wide variety of bacterial species, and as a

result, a major thrust is to categorize the organisms appearing within the sample. In

addition, spatial and temporal dynamics, along with abundance estimation, are vital

for characterizing both the sample and associated biological niche. Information about

population dynamics, functional roles, and species-level impact can be assessed once

the species in the sample have been taxonomically characterized [153–155]. The tasks

of characterizing the organisms within the sample is called taxonomic binning, and

this overall objective can be completed using several different established methods

[156].

There have been many tools made to achieve the goal of taxonomic binning. Over-
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all, these tools have been primarily focused on taxonomic classification, as opposed to

abundance, using data gathered from metataxonomics and metagenomics. Metataxi-

nomics is focused on sequencing marker genes, or areas with species-level variability,

in order to differentiate species appearing together within a sample. In contrast,

metagenomics is in reference to whole shotgun sequencing of a sample, obtaining a

collection of sequences spanning the genomes of all bacteria in a sample [156]. Once

characteristic sequences are yielded using either method, the next step uses a database

with references to the NCBI taxonomy database. The coupling of a DNA database

to the NCBI taxonomy database allows for the tools to assign taxonomic identifiers

to the entire sample or individual sequencing reads [157–159].

While the current databases in use have been sufficient for taxonomic identi-

fication, the databases are rapidly expanding and complicating taxonomic assign-

ment [160]. Likewise, there is typically no efficient way to integrate distinct biological

databases, so the database used with each tool could result in different taxonomic

assignments. Methods of bio-database integration have been outlined and imple-

mented [161, 162], but these efforts do not focus on taxonomic information within

databases.

An effective query system which integrates several databases allows end users to

compare, as well as utilize, the collective information from the underlying databases.

This approach has been used in the software and management system BioMart, which

acts as a data warehouse by integrating many different databases, thereby outpac-

ing the EnsMart database originally usse for this task [163]. In addition, a web-

based platform allows for fast and efficient queries to be distributed to the connected

databases [164, 165]. BioMart and similar tools allow for sophisticated queries to be

executed between multiple data resourses [166]. While the wide range in query ability
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extends usability, it can be a bottleneck in learning how to use the tool for simple

tasks. There is also no warehouse tool combining the information present in DNA

databases with references to the NCBI taxonomy. Here we present the Database

Query Tool (DQT), a tool allowing easy queries to be made for assessing taxonomic

make-up between databases used in metagenomics.

DQT is a database query tool that can be used to query the contents of refer-

ence databases that are used with taxonomic classification tools. This is an increas-

ingly important consideration given the growing knowledge of contamination, over-

representation and incorrect identifier assignment in sequence databases [156, 160].

It integrates the contents of many databases used in the taxonomic binning, and it

allows users to query NCBI taxonomic ids to find databases that contain a reference

back to the taxonomic id in the query file.

3.2 How to use DQT

3.2.1 Performing a Query

To query for specific tax ids, a file consisting of NCBI taxonomic identifiers separated

by new lines is used as input. As output, the DQT reports all databases that contain

a particular NCBI identifier along with the version of the database. The primary

tool file, “query tool.py”, uses a pickled python dictionary containing information

for all of the input databases. The first argument for the tool is the path to the

”containment dict.p” pickle file, and the second argument is the path to the file

containing the tax id’s being queried.
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3.2.2 Preparing the Parameter File

The ”dictionary maker.py” and dictionary maker parameters.py together create a

containment dict.p file that aggregates all of the information for the databases used

in the taxonomic classification tools. This default file can be downloaded from

https://osf.io/2d3nw/, allowing a user to use the tool immediately after download

with current database information stored. To rebuild the databases, using dictio-

nary maker.py, the end user only needs to modify the dictionary maker parameters.py

file. This allows for a friendly interface, where a user only needs to change the global

paths and the boolean switches for what they would like to build. This therefore

supports an on-the-fly method for adding databases as they are released, in addition

to completely rebuilding indexes used by the tool from scratch if desired. The specific

details for how to rebuild the database, as well as add newer subdatabase versions, is

supplied in the gitlab repository.

3.3 Implementation

The DQT is a tool purely focused on retrieving the taxonomic composition of com-

monly used databases for metagenomic classification. The primary goal for the

tool was to make the query fast. To this end, the tool systematically parses input

databases, storing the underlying taxonomic information into a python dictionary.

This allows for the near-linear retrieval of databases containing information on the

supplied taxons within the query file. After the query containment dictionary is cre-

ated, the dictionary is saved as a pickled file for efficient long term storage. Storing

the integrated database dictionary as a pickled file allows for the python dictionary

to be quickly uploaded without having to rebuild from scratch.



58

3.4 Taxonomic Databases used for Metagenomic Classifica-

tion

The DQT was made to look at the databases used for certain metagenomics tools.

These tools are discussed below, and the databases they reference are tabulated in 3.2.

These tools comprise some of the most commonly used for taxonomic classification,

and the databases they use are therefore important for correctly understanding each

tools classification results. Because of the immense growth of databases, it is clear

that certain algorithms may produce spurious results as the databases grow [160]. It

is therefore important to look at what databases are used by each tool, in addition

to understanding the methods used for taxonomic assignment. Below is a summary

of each tool, outlining the methodology for assigning classification.

3.4.1 Kraken

Kraken uses its own curated database for handling the queries. This is first done by se-

lecting genomic sequences from completed genomes within the RefSeq database. This

library can be customized by the user’s specific needs. After obtaining a database,

Jellyfish is used to store all of the distinct 31 k-mer sequences into a new database

specific for kraken. The 4-byte spaces that were originally used to store the k-mer

sequence are then turned into the LCA for that particular k-mer, using the taxonomy

database from NCBI [167].

3.4.2 Kraken2

Kraken2 is the second release of Kraken. Kraken2 differs from Kraken by having more

memory efficiency, among some other additional benefits such as building a custom
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database from amino acid sequences; spaced seeds, and 16S databases not based on

NCBIs taxonomy. Similar to Kraken, minimizers are used to significantly reduce the

memory required [168].

3.4.3 MetaPhlAn

MetaPhlAn is taxonomic classification software that uses clade-specific marker genes

to estimate the relative abundance levels for a metagenomic sample. The key im-

plication for MetaPhlAn is an improved pipeline for retrieving marker sequences for

a database of species. The subsequent taxonomic clustering also delivers a unique

approach to classify the metagenomic samples at higher taxonomic levels. The input

database is based off off whole genomes from RefSeq Microbial. Blast database of the

MetaPhlAn markers (3 files, 95MBs) or/and the BowTie2 database of the MetaPhlAn

markers (6 files, 500MBs) [169].

3.4.4 Kaiju

Kaiju classifies sequences based on 6-frame translation to protein sequence. It does so

by testing different potential read frames and mapping this to a particular sequences

within their database. If a hit is found, then the taxonomic classification for that

match is used, and in the case of multiple matches, LCA is used for assignment.

Because Kaiju uses protein sequences to classify metagenomic samples, the reference

databases it uses are all based on protein sequences [170].

3.4.5 KrakenUniq

KrakenUniq builds upon the current implementation of Kraken by attempting to

decrease false positives by using a hyperloglog algorithm (HLL) to calculate k-mer
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cardinalities. In essence, the goal of quickly calculating cardinalities allows for pseudo

measurement of coverage. This is important for decreasing the number of false pos-

itives classified, because false positives do not typically have great coverage. While

de novo genome assemblies may used to accurately factor this metric into the classi-

fication, calculating the cardinalities for a k-mer set works a near-identical heuristic,

while tremendously improving speeds [171].

3.4.6 LMAT

LMAT (Livermore Metagenomics Analysis Toolkit) works on three related subcompo-

nents: (1) taxonomic profiling; (2) content summarization; and (3) gene annotation.

LMAT shifted the method to an offline computation that has a taxonomy/genome

index, and it uses a large k-mer seed. This has the drawbacks of lower sensitivity,

but it allows for a faster search [172].

3.4.7 Bracken

Bracken is used in conjunction with Kraken (Kraken1 or Kraken2) to obtain relative

abundance levels for the bacteria classified in a metagenomic sample. Bracken uses

Bayesian inference to estimate the distribution of species classified in a higher taxo-

nomic classification. Bracken works to classify species relative abundance levels for

kracken output, as the least common ancestor method often give inaccurate results for

the abundance levels of a sample (due to classifying at higher taxonomic ranks) [173].

3.4.8 Sourmash

Sourmash works by finding similar sequences to a query sequences by using MinHash

sketches. The MinHash sketches allow for DNA/RNA sequences to be stored, then us-
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ing a MinHash probabilistic algorithm, similar sequences can be found. This method

works as a work around to calculating the jaccard index, while being substantially

faster and giving similar results. This allows for searching a sequence database in-

credibly fast, and speedy taxonomic classification of query sequences. While effective,

there are drawbacks, such as the inability to classify above the genus level (note it

uses a LCA method) [174].

3.4.9 Diamond

Diamond works as a fast protein sequence aligner, which can in turn be used for

searching protein databases or as a taxonomic sequence classifier. Using a method,

double indexing, DIAMOND was reported to run nearly 20,000 times faster than

BLASTX [116].

3.4.10 MetaWRAP

MetaWRAP is a pipeline designed to work with metagenomic sequences obtained

from shotgun sequencing. The pipeline performs taxonomic classification, abundance

estimation, visualization, and functional annotation. The workflow for MetaWRAP

first performs QC on the metagenomic sequences, then runs assembly of the sequences

(using SPAdes) or sends to Kraken for taxonomic classification. If assembled, the

sequences are sent through a binning process. After the binning process, the sequences

can give abundance levels for the bacteria and or functionally annotate the sequences

[175].
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3.5 Discussion

The bioinformatics tools used for metagenomic profiling primarily use sequences from

genbank or refseq [156, 176], which contain references back to the NCBI taxonomy

database. While these are essential resources for metagenomics and metataxinomics,

the prevalence of miss-assignment, contamination and organismal diversity give each

database and tool certain advantages and disadvantages [157, 160]. As a method to

circumvent database drawbacks in taxonomic binning, DQT works as a tool to effi-

ciently evaluate what NCBI identifiers a database contains. This allows the scientific

community to make better judgements for which tool, databases, and combination

thereof to use in metagenomic studies. In addition, it allows users to evaluate discrep-

ancies between tools and databases, providing a means for post-processing analysis.
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Figure 3.1 : Schematic of the python file responsible for building and querying the
DQT workflow.
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Figure 3.2 : Key: Green= protein based classifiers; Blue=k-mer based classifiers; Or-
ange=hybrid classifiers; yellow=Marker gene based classifiers. O=optional/possible
as a customized database.
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Chapter 4

Discussion

Characterizing DNA sequences of unknown origin can be beneficial for many different

use cases. Most specifically, the technology can be applied to understand more about

small nucleotide sequences. Similar to tools such as BLISS, which can be used to

find regulatory modules in DNA [177]. In addition, it could be used to screen DNA

sequences being ordered for synthesis. The ability to screen DNA sequences, as well

as ensure their correct taxonomic identity is important for biodefense, metagenomics,

and forensics. The tools presented herein both contribute to the growing amount

of knowledge on taxonomically and functionally characterizing DNA. Seqscreen is

a pipeline tool built in a modular fashion using the tool nextflow. This tool offers

a DNA screening platform that could be incorporated into screening workflows for

DNA synthesis companies. Second, the database query tool (DQT) offers a method

for evaluating taxonomic composition. The DQT gives users a method to further

evaluate the databases and tools they are using for taxonomic classification.

Seqscreen is a method to both taxonomically and functionally annotate unknown

DNA sequences. In one respect, Seqscreen is an open-source DNA screening tool that

uses a nextflow pipeline to efficiently organize bioinformatic workflows [111]. These

workflows work in tandem, characterizing input sequences by assigning taxonomic and

functional identifiers. In addition, the pipeline makes use of lookup files by linking

UniProt identifiers with their corresponding predicted Biological Processes of Interest

(BPOIs). All of this information is collated into a convenient output report file. A
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use case scenario could be a DNA synthesis company that could benefit from review-

ing a set of DNA synthesis orders, or a community lab that regulates the sequences

being ordered to the facility. These DNA sequences could be sent through the Se-

qscreen pipeline for analysis, and the report file produced could be given to a human

reviewer for further review. This would give DNA synthesis companies an accurate,

reproducible method for characterizing sequences being ordered for synthesis.

The current standards of screening DNA sequences use the BSAT database put

fourth by HHS [178]. This database consists of a list of organisms that are important

from the standpoint of biosecurity. The organisms listed represent the organisms

thought to be the most probable for jeopardizing biosecurity. The BSAT serves as

a starting point for screening DNA sequences, but it is not the most comprehensive

method suggested [10]. Other methods, put together by the International Associa-

tion of Synthetic Biology (IASB) and the International Gene Synthesis Consortium

(IGSC), require sequences to be compared against all public reference databases [12].

The standards put together by both industry and the government are not in agree-

ment, and methods that include stakeholders [5], as well as concerned officials, is likely

to produce the most prefered screening method. The biggest problem is the overhead

associated with screening all orders- especially in comparison to the decreasing cost

of synthesis. There is neither a literature base nor other tools that can be referenced

for comparing screening tools.

One of the primary goals for Seqscreen was to investigate a method for explain-

ability, especially given that many machine learning techniques do not have an ac-

companying explainable model [152]. This leaves many researchers without a source

of reasoning for the output results.This can disrupt the flow of post-analysis if the

results are unexpected. The findings for Seqscreen show that there is a variable dis-
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tribution for the number of Uniprot proteins that would classify as one of the several

BPOIs. While there may be a small fraction of misclassified proteins, this result in-

dicates there are similar schemes that may be used to cluster proteins into different

expertly-curated hierarchies. The pipeline outline and implementation offers a work-

flow methodology for accurately characterizing DNA sequences. While the method is

accurate, the method still struggles with scaling up for large files of DNA sequences.

Future efforts will be focused on implementing faster methods to screen large files, in

addition to reducing the space required to run the software. Correcting these aspects

will allow for Seqscreen to run on a laptop computer, creating a portable screening

method. Policy arrangements for DNA synthesis are in continuous development, and

the balance is between creating a fast method (company overhead) as well as ensur-

ing it is comprehensive and accurate [5, 24]. A tool like Seqscreen could meet the

demands of each aspect, allowing for policies surrounding DNA synthesis to converge

into a reproducible pipeline software.

The DQT tool can be used to check for the presence of particular NCBI taxonomic

identifiers within the database of a metagenomics tool. Because of recent advance-

ments in sequencing, including the reduced price per base [1], the amount of genomic

data per species increasing. This will undoubtedly result in more genetic information,

and this information will be stored in genome databases such as Genbank and Ref-

seq. This will also be accompanied by files with contamination, further complicating

the task of taxonomic classification. In addition, there is the chance that certain

organisms will have unequal amounts of information, reducing the accuracy of the

established algorithms [160]. It is therefore of increasing importance to have a grasp

of the taxonomic composition of the database regarding certain metagenomics tool

use. DQT gives the metagenomics community the ability to observe what taxonomic
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ids are present in each database. This allows for one to choose a tool that may work

best for a particular sample, and it also allows for a post-analysis if the results are

unexpected.

Databases used in metagenomic tools are dependent on the sequence databases

that are used to create classification algorithms [156]. This means that a user of

these tools must be diligent in checking that the database is both taxonomically com-

prehensive, as well as low on the amount of contamination. Nasko et al. showed

that a problem occurs with increasing data in refseq, causing Kraken’s least com-

mon ancestor approach to increasingly classify species at higher taxonomic levels as

sequences are added to the database [160]. There is evidence that human contami-

nation also exists in many bacterial genomes uploaded to GenBank [179], as well as

fungal genome databases [180]. There have been attempts to create tools for clean-

ing contamination in many of these databases, especially in the case of viruses [181]

and bacteria [182, 183]. To our knowledge, no tools have been constructed that can

evaluate database taxonomic composition. Several tools have been focused on using

the output from multiple databases or tools [184], but there is no tool available for

checking a database for a given NCBI taxonomic id.

The DQT offers a database comparison tool for individuals using tools developed

for metagenomics. The tool can be used before, during, or after the classification

of read sequences- with each variation giving a different amount of metadata. If

done before the analysis, DQT has the ability to be used as a method for choosing

the best database for the study. Likewise, it can be used after classification for a

post-analysis review of the classifications. For example, if there is an uncharacteristic

species identified within the sample, then DQT can be used to find the potential

cause. IDs for the species under investigation can be compared between databases,
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so as to assess whether there is a lack or overabundance of labeled data for a given

database. Current limitations of this approach indicate that the taxonomic identifiers

need to be supplied. A better solution would use the NCBI taxonomy tree, grabbing

other identifiers within the monophyletic group for the supplied species.

The tools presented in this thesis offer solutions to potential biodefense hazards.

While these tools offer solutions to these hazards, future innovations will be required

to completely fill the gaps. For instance, Seqscreen offers a platform for sequence

characterization, but enforced policy may be required for the implementation of any

screening software. The costs put forth for screening nucleotides are expensive, espe-

cially given how cheap it is becoming to synthesize DNA. A pipeline like Seqscreen

creates a standardized method which could make it easier to implement policies be-

tween synthesis companies. Another potential advancement would be the ability to

utilize machine learning approaches for protein function prediction. In the case where

a function can be specified and a protein sequence is returned, or vice-versa, would

allow for currently unmet achievements in function prediction. These models would

be perfect for use in a screening tool, thereby giving the function of proteins that may

have even been designed de novo. As for meta-genomics, future improvements may

consist of creating a database that integrates taxonomic and sequence information

from all microbial databases. This would give tools the greatest advantage by in-

creasing organismal diversity in the databases used by the metagenomic classification

tools. Advancements in policy, methodology, and genomic storage will all work as

ways to revolutionize the current standards.
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Chapter 5

Conclusion

The focus of this thesis was on the development of two distinct computational tools

that are focused on accurate characterization of nucleic acid sequences. There is an

increasing potential for not only improved chemical synthesis of oligonucleotides, but

also for the complete synthesis of designer genes and genomes [1,4]. These new meth-

ods in synthesis will reduce the technological gaps in the ability to introduce longer

DNA sequences into biological organisms. Advances as such will continue the current

paradigm shift in biology, where sequencing and synthesis are the backbone of most

biological experiments, discoveries, and technologies. This will usher in an exponen-

tial increase in the number of oligonucleotide sequence orders, requiring software that

can both scale with this data deluge and also provide sensitive characterization of

potentially harmful sequences. This thesis included both DQT and Seqscreen, com-

putational tools that respond to this need and provide capability to sensitively screen

ordered DNA sequences, and query their taxonomic composition, respectfully.

The computational tools presented in this thesis are highly geared towards en-

abling technologies. Specifically, these tools are aimed at the rapid detection of small

DNA sequences. The field of synthetic biology, coupled with technologies such as

DNA sequencing and synthesis, are technologies that enable whole genome sequenc-

ing [83], synthesis [4], and multiplexed modification [?,91]. Innovations in these areas

have given rise to new technologies and discoveries, but they have a dual-use in sci-

ence. It is plausible a malicious sequence (or set thereof) could be ordered through
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a synthesis vendor [24]. This could potentially put people, or all of humanity, at

risk. Tools utilizing insights gathered within the field of bioinformatics may leverage

a high-throughput method preventing such a scenario. These tools may utilize es-

tablished bioinformatics algorithms, machine learning algorithms and mathematical

models to guide efforts. The development of computational tools for sequence char-

acterization is a proactive approach to biosecurity, ensuring that malicious efforts are

thwarted before ensued.

Innovations in biotechnology present new challenges for sensitive and accurate

screening of nucleic acid sequences. Two computational methods, Seqscreen and

DQT, were developed to increase the effectiveness of rapid and robust characteriza-

tion of oligonucleotides. Seqscreen has been shown to characterize a multitude of

input DNA sequences with high accuracy, out competing the method of only aligning

sequences to a one database with genomes known to be harmful (i.e. Biological Select

Agents and Toxins) [178]. The DQT has integrated the taxonomic information from

several commonly used metagenomic databases. This allows for an analysis of the

taxonomic identifiers present within a given database. Together, both Seqscreen and

the DQT represent computational tools that can be used for the accurate character-

ization of nucleic acid sequences.
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Appendix A

Bioinformatics and Biodefense in the age of

Synthetic Biology

A.0.1 Synthetic Biology primer

The first use of the term “synthetic biology” was in 1980 by Barbara Hobom, in

german, in reference to a bacterium engineered using recombinant DNA [185]. It

was later reintroduced at an American Chemical Society conference, a now major

journal for synthetic biology, in 2000 to describe synthesized chemicals that function

in biological systems [186,187]. During the same year, two major papers jump started

the field and introduced the first two iconic cellular circuits: (1) A genetic toggle

switch; and (2) An oscillating genetic circuit architecture (named the “repressilator”).

The genetic toggle switch, introduced in the lab of Jim Collins, worked as a

light switch [188], having a binary “on” and “off” state. More specifically, it was

a bistable system that could be alternated using different concentrations of inducer

(IPTG) [189]. In contrast, three alternating light switches could be used to describe

the Repressilator circuit, where one is “on” and two are “off” at a time. This circuit

demonstrated the intended oscillatory expression by connecting three repressors in

such a way that each represses one and is repressed another (negative feedback loop

composed of three repressors), similar to a rock-paper-scissors format [190]. These

original cellular circuits set up a standard for the engineering process of synthetic

biology, where models are used to predict circuit behavior, followed by experimental



74

measurements and refinement. Many seminal works followed these publications, all

together laying out the field of synthetic biology. Circuits have now reached further

levels of sophistication, in addition to handling the intrinsic stochastic “noise” present

in biological systems [191]. Synthetic Biology is briefly reviewed with focus on dif-

ferent system levels, scaling from protein engineering to community (or population)

engineering. The goal is emphasize the idea that synthetic biology will continue to

create paradigm shifts on different biological scales.

A.0.2 Molecular Engineering

While the most prominent areas of research using synthetic biology focus on the engi-

neering of cellular circuits, many incredible strides are taking place on the molecular

level. The ability to engineer proteins has been a long sought out goal, extending

to the 1980’s, first being described within an engineering framework by Kevin Ul-

mer [192]. Early efforts consisted of using secondary structures as interchangeable

elements [193, 194], and even went as far as making self replicating proteins. These

proteins extended by fusing with longer templates through electrostatic forces, and

these were shown to have stereo-selective effects resulting in isomeric specificity [195].

Modern approaches to protein design take two approaches, either a computational ap-

proach using principles derived from biophysics, or an approach mimicking evolution

called “directed evolution”.

When using computational approaches to protein design, there are two primary

categories: (1) using known rotomers backbones, and (2) using a energy function

to guide the folding. The Denovo approach, described in the second category, has

neither a known structure or a sequence. The primary goal is to design both struc-

ture and sequence based on a desired end structure. The energy function used is
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heuristic, primarily considering van der Waals forces and atomic packing [196, 197],

thereby measuring the overall landscape with a coarse model [198]. It is common

to use sampled rotomers, to quicken the process of obtaining a backbone structure.

Rotomers are subsequences sampled from larger protein backbones and are used to

measure the parametric torsion angles for a particular subsequence. For example,

if an alanine surrounded by neighboring tyrosines is being observed, then a rotomer

for “YYYAYYY” might indicate the torsion angles for that particular amino acid.

There have been extensive rotomer libraries built, which can be used for backbone

sampling [199–201], and these have even been extended to the enantiomeric D isomers

of amino acids [202]. Computational protein design has had incredible advancements.

A recent, illustrative, achievement was in 2012, where a post-doc (at the time; now

at UC Davis) in David Baker’s lab, Justin B. Siegel, designed an enzyme not found

in nature and coined it Diels-Alderase [203,204].

In addition to using the power of computers, proteins can be engineered through

directed evolution. Directed evolution is the focused efforts of speeding up the natural

process of evolution for the use of engineering proteins with specified outcomes. To

maximize genetic diversity, there are a plethora of methods that can be used, such as

chemical mutagensis, library design methods, and homologous and non-homologous

recombination. Thereafter, any desirable genetics are further chosen using a pre-

determined set of screening or selection strategies [205–207] (described in further

detail within the “directed evolution section below”). Methods and procedures within

this area resulted in the 2018 Nobel prize in Chemistry to Dr. Frances H. Arnold (1/2),

Dr. George P. Smith (1/4) and Sir Gregory P. Winter (1/4) [208]. A recent significant

contribution includes continuous evolution using phage-assisted continuous evolution

(PACE). There is also the ability to create reactions using enzymes that do not
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currently exist in nature, as with de novo protein design as mentioned above. A recent

example of this can be seen from a patent filed in 2019 from the lab of Frances Arnold

(Caltech- a 2018 noble prize winner) [209], where a Cytochromes P450 was engineered

using directed evolution, to facilitate the bonding of nitrogen-containing compounds

to organosulfur compounds (N-S), highly similar to other publications from the lab

on P450 [210]. A very recent advancement has been the ability to create proteins

with the potential for electron transfer, opening the door for bioelectronics [211,212].

These publications feed into one another, first with the rational design of an electron

transfer protein made by the splitting of a plant-ferredoxin, and subsequent fusion to

an estrogen receptor (ER) at amino acid position 35, allowing for chemically induced

electron transfer [211]. While these advancements showed proof of concept, the further

screening mapped out variants that would work best for the insertion of the ER [212].

The world of protein engineering is still progressing, and the role of directed evolution

is only growing.

A.0.3 Circuit Engineering

The goal of engineering genetic circuits in microorganisms is to create interacting

genetic parts that function like an electronic circuit. The first discovery of a circuit-

like biological system was the lac operon discover by Jacob and Monod in 1961 [213].

Now years later, artificial cellular circuits have been implemented starting with the

“toggle switch” and “repressilator circuits” (described above) [188,189]. Many other

circuit designs followed these initial approaches, further optimizing the engineering of

both topologies [214,215]. The first advancement in cellular engineering that greatly

impacted industrial applications would be the production of artemisinic acid in yeast

[216]. This precursor was 2-steps away from the chemical synthesis of the anti-malarial
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drug Artemisinin [217]. Shortly thereafter, a postdoc at the time, Dr. Jeffrey Tabor,

working in the lab Dr. Christopher Voight developed genetic logic gates capable of

edge detection. The edge detector works by using an AND gate, and specifically, the

AND gate inputs are only on if the cells are at the edge of a bacterial stencil exposed

to light. This works because the bacteria that are not exposed to light produce a

quorum sensing inducer (luxI; while also using constitutively expressed luxR), on one

of the inputs, and the cells exposed to light prevent the expression of a repressor that

shuts down transcription (cI). Therefore, it is only the cells on the edge that both

prevent the repressor from binding and have the inducer [218]. While these are early

examples of cellular circuit design, they are great examples of both the direction and

potential of introducing concepts learned through electronics to biology. More recent

examples can be seen using RNA circuits [219], protein circuits [220], and applications

such as cancer therapy [221].

A.0.4 Community Engineering

Most of synthetic biology research is defined on the molecular level, but community

engineering is another avenue. Most notably, the ability to introduce synthetic or-

ganisms into the environment has stirred conversations about “gene drives”. Gene

drives work as a platform focused on the inheritance of specific genetic material.

In essence, the goal of a gene drive is to increase the probability that progeny will

carry the intended genetic variation. Specifically, there are two routes to facilitate

an increased probability of inheritance: (1) reduce the fitness of the wild type allele;

(2) use “homing”, the ability of the chromosome to copy itself onto the opposite

chromosome [222].

In regards to the first method, many studies have examined the possibility of in-
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creasing the observed sex in different populations. An example of this stems from

the lab of Dr. Andrea Crisanti, where Anopheles gambiae have a Y-linked expres-

sion of endonuclease I-PpoI that targets 28S ribosomal genes on the X-chromosome.

This system reduced the female gamete population by 30%, resulting in 80% of the

population originating from Y-carrying spermatozoa [223].

As for the second method, “homing” endonuclease geneses (HEGs) work as molec-

ular scissors that copy into the other cognate chromosome during meiosis [224]. Orig-

inally proposed in 2003 [225], these gene drives essentially “cheat” their way into the

population using molecular cloning. The first example of this, from DiCarlo et al.,

used the RNA endonuclease, CRISPR-cas9 [226, 227], to create a method of intro-

ducing HEGs into Saccharomyces cerevisiae for selection of variants with the gene

drive [228]. In addition, they also supplied a method for reversing the gene drive, if

so desired. This was the first report of a homing device in a microorganism, serving

as a go-to guide for further studies using HEG. The use of gene drives could save

many lives, if used to limit mosquito populations or other disease vectors. However,

community engineering may be associated with drawbacks, including changing micro

ecosystems: it is widely acknowledged that the scientific community should proceed

with caution when using community engineering.

A.0.5 Directed Evolution

In addition to mathematical modeling, rational design, and iterations of the model-

build-test workflow, another prominent way to build biological systems is through

the use of directed evolution. Life has been shown to change due to the law of nat-

ural selection originally proposed by Charles Darwin [229]. The theory of natural

selection clearly works at a macroscopic level [230,231], showing that organisms that
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survive within a population have higher fitness for that particular niche [232]. It also

is increasingly evident, from the growing knowledge of antibiotic resistance [233], that

natural selection plays a role at the cellular level [234]. In a similar manner, natural

selection may also drive the selection of stem cell progeny for tissue development, as

widely accepted in the development of cancer cell populations [235, 236]. There is

also growing knowledge that this selection works on the genetic level, thus achieving

molecular selection of genetic variants through the selection of DNA, encoding advan-

tageous gene products [205,237,238]. This selection process may propagate upwards,

macroscopically, giving rise to emergent phenotype outcomes observed on the individ-

ual population scale. This foundational theory for selection has caused a paradigm

shift allowing for a design question to be proposed: can this process be directed? The

field of directed evolution has been progressing for nearly three decades [239], quickly

becoming adopted by labs interested in designing proteins with desired functions.

Now as a more developed field, there is a clear landscape of possibilities for this

methodology in synthetic biology [240–242].

Once a set of genetic variants are made for a given context, it is the role of screening

or selection strategies to choose the best variant [205–207]. Screening strategies work

by checking for a signal of interest for each variant, and using that signal to choose the

most desired phenotype. There are many different routes for measuring signal. One

method, gas chromatography, has been used to select for optimal P450 cyclopropane

production [243], cellular flourscenense [244], and selection of desired variants com-

bining FACS and yeast display [245]. In contrast, selection strategies similar to the

natural selection, where an undesirable strain will not survive, thereby “selecting” for

the desired genetic variant. While the traditional methods are focused on selecting

cells for phenotypic traits, such as antibiotic resistance [], there are other methods
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which employ surface display proteins to select for binding affinities []. In addition,

for both selection and screening, in vitro methods such as water-oil emulsion are used

to house DNA variants with the machinery needed to encode the products [246]. This

allows for subsequent FACS sorting [247], selective PCR [248] and many other novel

approaches. The major idea is that both selection and screening play fundamental

roles in directed evolution, by being the primary mode of “choosing” a desired genetic

variant. In terms of an objective function, this is the control in which the user can

use to specify a strongly desired optimum.

Examples of directed evolution of proteins has been described above, but it should

be further illustrated that directed evolution can apply to all levels of synthetic biol-

ogy. In the 1990’s, several studies were performed showing the possibility of directed

evolution to be used for selecting for optimal biochemical pathways [249]. Shortly

thereafter, Pfizer working in conjunction with Codexis used a method of DNA shuf-

fling to decrease the amount of byproduct produced in a pathway engineered for

the Streptomyces avermitilisdoramectin pathway [250]. Likewise, directed evolution

has also been shown to work well for the positive selection of designed cellular cir-

cuits [251]. These can be used to take and improve characteristics of a pathway or

circuit topology designed rationally. In addition, directed evolution strategies have

even been shown to be powerful for genome engineering. Early use cases were aimed at

creating a range genomic variants, and thereafter selecting varaints carrying a desired

phenotype- such as the production of tylosine [252]. George Church’s lab at Harvard

came up with a break-through high-throughput directed evolution technique, called

multiplex automated genome engineering (MAGE), that can simultaneously produce

genetic diversity at many specified genomic locations [253]. The team verified the use

of MAGE by systematically engineering the 1-deoxy-D-xylulose-5-phosphate (DXP)
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biochemical pathway in E. Coli to produce lycopene. Following this approach, Warner

et al. developed a dynamic method, trackable multiplex recombineering (TRMR), to

track which genomic locations undergo mutational effects while grown selective condi-

tions. As an illustrative example of their tool, they used TRMR to track the genomic

changes that occur under the growth of E. Coli on four limiting mediums as well as

in minimal nutrients [254]. Lastly, it should be mentioned that directed evolution can

play an impact at increasing macroscopic levels. This includes therapeutic uses, say

at the tissue level and below [255], and the engineering of whole plants [256]. These

methods should show that there is potential for directed evolution to impact syn-

thetic biology on multiple levels, ranging from molecular engineering to community

engineering to tissue engineering.
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