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Abstract

Infectious diseases, many caused by RNA viruses, remain a significant global health threat. Three

recent events — the Ebola virus epidemic from 2013–2016, the Zika virus pandemic from 2015–2016,

and the ongoing severe acute respiratory syndrome coronavirus 2 pandemic — have illustrated that

our ability to diagnose and treat known or newly emerging viral threats is severely limited, largely

due to RNA viruses’ high diversity and rapid evolution. However, the highly programmable na-

ture of CRISPR-Cas systems as well as continued discovery of new DNA- and RNA-targeting Cas

proteins can accelerate the development of alternative diagnostic and therapeutic approaches.

In this dissertation, I demonstrate how growing viral genomic information along with the discov-

ery and use of an RNA-guided, RNA-targeting CRISPR effector protein, Cas13, have enabled the

development of technologies that can address unmet diagnostic and therapeutic needs. In Chapter 2,

I applied multiplexed amplification methods and next-generation sequencing to generate Zika virus

genomic data from patient samples collected during the 2015–2016 pandemic in the Americas. Fur-

ther, I describe both diagnostic and sequencing challenges associated with low-titer viral infections

that this pandemic illuminated. These challenges subsequently motivated me to develop the tech-

nologies I describe in the following chapters. In Chapter 3, I developed Cas13-based viral diagnostics

that can be used in low-resource settings. These diagnostics are specific, sensitive, user-friendly, and
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have limited equipment requirements. Because of these advancements, I deployed Cas13-based diag-

nostics for Zika and dengue viruses in Honduras. In Chapter 4, I harnessed Cas13’s sequence-guided,

RNase activity to target and inhibit multiple RNA viruses in mammalian cell culture. I systemat-

ically tested hundreds of virus-specific Cas13 CRISPR-RNAs to characterize principles governing

Cas13 targeting of viral RNA, and I highlighted the unique capacity of Cas13 to act as an end-to-end

system for both detection and destruction of RNA viruses. In addition, I used next-generation se-

quencing to characterize differences in both the host transcriptome and viral population due to

Cas13 targeting. In summary, this dissertation demonstrates the combined power of viral genomics

and the RNA-guided, RNA-targeting activity of Cas13 to transform diagnosis and treatment of in-

fectious diseases.
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Introduction



1.0 Preface

RNA viruses represent approximately two-thirds of the known virome and are a significant burden

to human health. These viruses are commonly at the center of infectious disease outbreaks; and

despite this prevalence, technologies for surveillance, diagnosis, and treatment are quite limited. The

growing use of next-generation sequencing in microbiology will enable better detection of these

pathogens and accelerated the development of diagnostic and therapeutic strategies. The use of

genomics in the microbial field has also extended our knowledge of CRISPR-Cas systems found in

prokaryotic species, including the discovery of Cas9, the most well-known and widely used DNA-

editing enzyme to date. However, in the last few years there has been an rapid expansion in known

CRISPR-Cas RNA-targeting systems. Together, viral genomics and CRISPR-Cas systems can be

harnessed for diagnosis and treatment of infectious diseases. This chapter, provides an overview of

the current strategies for viral genomic surveillance, diagnosis and treatment of RNA viruses and

provides a summary of our understanding of the CRISPR-Cas systems with a specific focus on Cas13

and its applications.

1.1 RNA virus disease prevalence and associated challenges

1.1.1 Global health burden of RNA viruses

The common refrain of whether we are prepared for the next global pandemic is a question with

which we are currently grappling. As the human population grows, travel becomes easier, and
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climate change causes shifts in where human, wildlife, and insect populations live and what food

sources are available, our interactions with the microbial world grow in parallel 1,2. Genomic surveil-

lance of this microbial world, including those microbes that reside in non-human species, has re-

vealed that there are thousands of viruses, including many RNA viruses, which are either known to

infect humans or have the potential, at varying likelihoods, to infect humans upon exposure 1,3–5.

The uncertainty of what viral species, mutation, or exposure initiates the appearance of a more

pathogenic influenza strain or a zoonotic spill-over event is a prominent challenge for predicting

and preparing for the next pandemic.

In recent decades, the causative agents of notable outbreaks, epidemics, and pandemics have been

RNA viruses. The RNA viruses at the center of these events have included chikungunya virus in

2005 and 2013, H1N1 swine flu in 2009, Ebola virus (EBOV) in 2013–2016 and 2018–2020, Zika virus

(ZIKV) in 2015–2016, Lassa virus (LASV) in 2018, and multiple coronaviruses – severe acute res-

piratory syndrome (SARS) coronavirus (SARS-CoV) in 2003, middle east respiratory syndrome

coronavirus (MERS-CoV) in 2012, and SARS coronavirus 2 (SARS-CoV-2) presently. The scale of

each virus’s spread has often been related to properties of the virus and the disease it causes such as

immune status of the population, evolutionary rate, transmissibility, mode of transmission, and

disease severity6. For example, when ZIKV re-emerged in 2015, the population of Americas was

immune-naive, a large proportion of individuals had mild symptoms, and transmission was almost

entirely driven by its insect vector instead of person-to-person. In the end, the latter property lim-

ited the overall scope of this epidemic as ZIKV’s primary mosquito vectorAedes aegypti is not found

globally7,8. The ZIKV epidemic represents a stark contrast to the ongoing SARS-CoV-2 pandemic
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as SARS-CoV-2’s primary mode of transmission is person-to-person enabling spread globally with-

out restrictions on geographical range9,10. The unpredictability of viral emergence and re-emergence

therefore calls for increased surveillance and coordinated efforts to enable a quick response.

Despite this trend of increased emergence and re-emergence of RNA viruses, technologies for mit-

igating these global threats are severely lacking. Diagnostic testing for known or common diseases

has become quite common. However, diagnostic cost, turn-around time, and availability in lower-

income countries are quite variable. Further, diagnostic surveillance programs for detecting early

stages of outbreaks of known or emerging viruses are rarely in place. Influenza virus (IV), the cause

of swine flu, is the only viral species listed above with an FDA-approved vaccine and virus-specific an-

tiviral therapies. However, IV’s sequence diversity and propensity for recombination can lead to the

emergence of novel strains, antiviral drug resistance and reduced vaccine effectiveness 11. It is worth

noting that efforts to develop an EBOV vaccine have increased in response to recent outbreaks and

the recombinant vesicular stomatitis virus Zaire Ebola virus–glycoprotein (ZEBOV–GP) vaccine

was recently approved for use (Merck) 12. In contrast, LASV, ZIKV, and novel coronaviruses do

not have vaccine candidates nor antiviral therapies except in the case of LASV where the broader-

spectrum antiviral ribavirin can be used 13,14. Surveying currently approved treatments and vaccines

reveals that only 14 RNA pathogens have an FDA-approved, virus-specific vaccines or antiviral 12,15.

Overall, there is a critical need for diagnostic and therapeutic technologies against both common and

future pathogenic RNA viruses.
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1.1.2 Newly emerging RNA viruses

It is already challenging to develop strategies for known viral pathogens; therefore, newly emerging

pathogens additionally strain this global health burden. Of the RNA viruses described above, only

a few are truly new. IV was first identified in 1933, EBOV in 1976, ZIKV in 1947 and LASV in 1969.

Viral genomic studies indicate that these years are likely not representative of their true date of ori-

gin but instead the year in which virus identification or diagnosis first occurred 2. This is especially

true for the case of IV as influenza was used to describe illnesses of the 1918 Spanish flu pandemic

and the earliest description of such an illness dates back to 1510 14. However, SARS-CoV, MERS-CoV,

and SARS-CoV-2 have no known history of previous human infections. All three are betacoron-

aviruses and viral genomic and phylogenetic studies have illuminated the extensive diversity of the

Coronaviridae family and their ability to transmit between bats and other intermediate mammalian

hosts 16. Each coronavirus zoonotic event has impacted the globe on different scales, yet each event

underscores the importance for viral surveillance and development of technologies to respond to

these RNA viruses.

Increased use of unbiased sequencing for microbial identification has accelerated our ability to

identify and respond to newly emerging pathogens. It took approximately four months to identify

and generate a partial sequence for SARS 17,18. In contrast, SARS-CoV-2 was identified and a full

genome was generated in as short as 1-2 months 10. This genomic information enabled rapid devel-

opment of clinical diagnostics yet production and implementation of these assays has become the

rate-limiting step. However, therapeutic and vaccine development happens much slower because
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detailed understanding of the virus and its pathogenesis help in identifying potential therapeutic

targets or components that will elicit a protective immune response.

1.1.3 RNA virus diversity and evolution

RNA viruses present a unique challenge for the development of diagnostics and therapies because

they are highly diverse. Viral sequence diversity is high both between viral families (of which there

are 150 families to date 19) and within individual viral species. For example, there are 3 types of IV

(A,B,C) and within just influenza A virus (IAV) there are 18 different hemagglutinin subtypes (H1-

H18), 11 neuraminidase subtypes (N1-11), and extensive diversity within each subtype 20,21. This di-

versity is what enables viruses to replicate in different hosts, evade different immune pressures, and

spread in different manners. Due to this vast diversity, a pan-viral or in some cases pan-species diag-

nostic, antiviral or vaccine is not a simple feit.

Furthermore, RNA viruses are notable due to their increased rate of evolution. This evolution

is an obstacle for both initial development of technologies and can reduce the effectiveness of both

diagnostics and therapeutics if a mutation arises within the targeted site. Most RNA viruses have an

elevated mutation rate because viral RNA is copied using a RNA-dependent RNA polymerase for

which mutations can occur approximately once per genome per replication. This mutation rate is

approximately a six-order increase compared to that of cellular or mammalian hosts 22,23. Mutations

occur at random, so these mutations can either positively or negatively impact viral fitness. This

selective advantage enables viruses to evolve in the face of immune selection and changing host envi-

ronments 22. Furthermore, because viral populations are sizable, deleterious mutations do not have
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as extensive of an impact. During viral infections, viral populations exhibit additional diversity with

fluctuations in sequence composition 24,25. This interhost diversity can play a role in transmission

bottlenecks and the effectiveness of immune pressure or antiviral activity. Viral diversity and evolu-

tion thus present a formidable obstacle and essential consideration in design and implementation of

viral technologies.

1.2 Detection and treatment of RNA viruses

1.2.1 Unbiased and targeted viral sequencing

The rapid development and adoption of next-generation sequencing for microbiology has trans-

formed our ability to identify and characterize viral and bacterial pathogens. Complete reference

sequences are available for more than >2,500 viral species and some of these species like IV have

genomic data for more than 40,000 strains 26. Sequencing has enabled characterization of viruses

that are unable to be cultured or those unable to be identified by singleplex or pan-viral approaches

which rely on the current knowledge of viral diversity26,27.

Unbiased sequencing technologies can be quite powerful for detecting both known and un-

known viruses, but they are not always optimal for viruses present at low levels. Approaches such

as DNA microarrays and shot-gun sequencing have been widely used for decades. For example,

SARS characterization was performed using a pan-viral DNA microarray with a high-density of

oligonucleotides representing all known viral genera 26,27. The comprehensiveness of pan-viral DNA

microarrays is still informed by known diversity, so fully unbiased shot-gun sequencing approaches
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allow for easier discovery of unknown viruses. Such unbiased approaches can be expensive because

in most sample types the majority of isolated nucleic acid is host-derived RNA and DNA 28,29. For

RNA virus detection, this has been mediated by depleting host DNA with DNAse treatment and

depleting ribosomal and mitochondrial RNA using subtractive hybridization 30, RNase H deple-

tion 31, or CRISPR-Cas9 targeting 32. These depletion methods reduce the sequencing depth needed

and the associated cost, and they are especially advantageous for diagnosis and viral detection when

the infectious agent or potential for co-infections are unknown.

Targeted sequencing approaches use known sequence diversity to enrich for viral sequences, and

multiple diverse technologies have been developed for this purpose. These targeted approaches are

beneficial as they can be used to sequence and identify viruses that are present at low levels. Addi-

tionally, they can reduce cost by lowering the total number of sequencing reads necessary to gener-

ate complete sequence information. Multiplex polymerase chain reaction (PCR) enrichment prior

to library preparation has been applied to multiple RNA viruses demonstrating that it is a feasible

strategy for genomes of different lengths, number of segments, and levels of diversity7,33,34. This ap-

proach has limitations as compatible PCR primer sequences can by challenging to identify, the com-

bination of multiple PCR reactions can cause unequal amplification efficiencies, and this variation

can complicate quantitative measurements on intersample diversity. Alternatively, viral sequences

can be enriched through targeted enrichment using pull-down, capture, or other strategies 35–39.

Enrichment technologies are more flexible than multiplex PCR as a single reaction can contain all

overlapping probe sequences removing the consideration of primer compatibility. However, these

methods can be time-consuming and in some cases similar in cost. Long-read sequencing methods
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to produce full length genomes have also been developed for specifically sequencing IV40,41. Long-

read technologies are also beneficial for characterizing the mutational landscape in a mixed popula-

tion as well as identify specific splice variants or deletions found in defective virions40. Moreover,

Cas9-based approaches such as FLASH (Finding Low Abundance Sequences by Hybridization)

have been developed to enrich for specific sequences and applied to identify antimicrobial resistance

genes42. Overall, targeted sequencing approaches are quite flexible and have applications beyond

viral sequencing.

Both unbiased and targeted sequencing approaches require computational tools for data process-

ing and interpretation. Analysis pipelines and classification tools have been used for identification

of RNA viruses present in a given sample while eliminating confounders such as common labo-

ratory or reagent contaminants43. Computational pipelines have also been developed for de novo

assembly of full viral genomes and measuring interhost variants44,45. Full viral genomes have exten-

sive downstream applications for both molecular virology and public health. For example, this data

can be used to understand comprehensive antiviral resistance profiles, potential antigen epitopes,

viral transmission, and identify potential functional mutations7,29,46. Overall, the adoption of next-

generation sequencing for microbiology has accelerated our understanding of microorganisms but is

also informative for development of diagnostics, therapeutics and personalized treatment which are

elaborated on below.
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1.2.2 Viral molecular diagnostics

Viral diagnostics for detecting active infections can be designed to detect viral nucleic acid or viral

protein antigens. These diagnostic approaches have trade offs in regards to sensitivity, specificity,

ease of use, and speed. Most FDA-approved, gold-standard viral diagnostics are largely qualitative

or quantitative PCR-based approaches that detect the presence of viral RNA or DNA in a given

sample. These methods can be singleplex or multiplex with differences related to ease of implemen-

tation and cost47–52. With nucleic acid-based approaches, viral genomic information is essential for

the design of sensitive and specific diagnostics. Complete viral genome sequences have been useful

for identifying additional diagnostic targets 53 or mutations that could effect the assay performance 54.

Nucleic-acid based approaches that use PCR have limitations in regards to field-deployability due to

the need for expensive thermocycling equipment and as a result have largely been implemented in

clinical or laboratory settings.

To limit equipment needs, numerous isothermal amplification methods have been used for viral

detection. These approaches include loop-mediated amplification (LAMP) 55, nucleic acid sequence-

based amplification (NASBA) 56, and recombinase polymerase amplification (RPA) 57. Each has

variable performance characteristics in terms of speed, simultaneous amplification of multiple tar-

gets, sensitivity, and specificity 58–60. Therefore, although it is possible for these methods to stand

alone for pathogen detection, future diagnostic technologies could pair these with other detection

methods to enhance their effectiveness.

In contrast to nucleic acid-based approaches, rapid antigen tests are a diagnostic platform for
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detection in low-resource settings. These tests are able to use antigen-specific antibodies to detect

viral antigens in a given sample without any preprocessing and with a visual readout61. Antibody

development is, however, more time consuming and sensitivity is lower than that of nucleic acid-

based approaches. It is this simplicity that an ideal diagnostic for low-resource settings should aim to

achieve, while also maintaining high sensitivity and ease of development.

1.2.3 Antiviral therapeutics

Most antiviral therapeutics to date are either chemical inhibitors or synthetic or naturally isolated

neutralizing antibodies. Currently approved antiviral drugs treat RNA viruses such as IV, human

immunodeficiency virus (HIV), hepatitis c virus (HCV), and respiratory syncytial virus (RSV).

There are numerous functional categories that these antivirals can be divided into including but not

limited to nucleoside analogues, non-nucleoside analogues, reverse transcriptase inhibitors, protease

inhibitors, entry inhibitors, or immune stimulators 14. Ribavirin represents a case where the antiviral

is effective and approved for use against multiple RNA viruses. Many approved antiviral therapies

use chemicals to inhibit viral proteins or mechanisms essential for the viral life cycle or spread from

cell to cell. Antibody-based antivirals are less common, but one such monoclonal antibody is used

to neutralize RSV62 and neutralizing antibody transfer has been proposed in the face of emerging

viral pathogens 14. Beyond FDA-approved antivirals, thousands of antiviral inhibitors have been pro-

posed in the literature with the potential to be approved for human use in the future. Nucleic-acid

based antivirals such as small-interfering RNAs (RNAi) have been tested in cell culture and animal

models, but no RNAi therapeutics approved to date are for treating viral diseases63,64.
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The research and development cost of discovering new therapeutics using the methods described

above in some cases outweighs the benefits, so the repositioning of new drugs has become an ad-

ditional strategy for identifying antiviral candidates. This approach is currently being pursued for

SARS-CoV-2 and has several advantages. One clear advantage is that previously approved thera-

peutic candidates have already surpassed the time-consuming de novo discovery and clinical safety

testing phase which reduces time to market by >7 years65. This speed is advantageous for emerging

pathogens when therapeutics are a critical need and the biological understanding necessary for de

novo drug or vaccine development is severely limited.

Just as genomics is important for diagnostics, genomics can aid in determining proper treatment

regimens. Clinical sequencing can guide therapeutic use for viral diseases by identifying whether

the infecting virus has existing known drug resistance profiles66–72. Further, deep-sequencing can

help identify when drug resistance mutations are present even if they are not the dominant viral se-

quence73,74. Although today nucleic acid-based therapies are not the dominant antiviral approach,

genomics will continue to inform antiviral treatment strategies and do so more prominently as clini-

cal sequencing becomes cheaper and more widely adopted.

1.3 Discovery and characterization of CRISPR-Cas systems

1.3.1 Brief summary of CRISPR-Cas systems

To protect against pathogens, prokaryotes have developed mechanisms such as the use of clustered

regularly interspaced short palindromic repeats (CRISPR)-Cas systems that degrade foreign nucleic
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acids75,76. The breadth and diversity of these systems has expanded through computational searches

of genomic and metagenomic databases75. CRISPR-Cas systems possess a characteristic genomic lo-

cus called a CRISPR array, defined as a series of direct repeats separated by short, unique sequences

called spacers. Spacers are genomic sequences derived from previously encountered foreign phages

or plasmids, and these sequences serve as memory for future encounters. CRISPR arrays are bor-

dered by CRISPR-associated (Cas) genes that provide the enzymatic activity necessary for the three

stages of CRISPR immunity: (1) adaptation, (2) CRISPR RNA (crRNA) biogenesis and expres-

sion and (3) interference. During the adaptation stage, new spacers derived from newly encountered

pathogens are inserted into the CRISPR array. CRISPR RNA (crRNA) biogenesis is the stage in

which the full CRISPR array is transcribed and then processed into short, mature crRNAs that

guide Cas effector proteins to a target sequence. The final step of CRISPR-Cas adaptive immunity is

interference in which mature crRNAs recognize a complementary sequence in a target leading to tar-

get cleavage76. These three stages are largely common across CRISPR-Cas systems, yet the effector

proteins that perform these functions vary widely. More recent studies have identified Cas variants

without cleavage activity and some thought to have roles in signal transduction and regulation. As

a result, CRISPR-Cas systems have been divided into many categories that are defined by 2 classes, 6

types, and 33 subtypes75.

Our understanding and discovery of Class II CRISPR-Cas systems has occurred rapidly in some

part due to their potential downstream gene-editing applications. Class II systems, in contrast to

Class I, possess a single, multidomain protein responsible for the expression and/or interference

stages of CRISPR immunity75. Cas9 remains the dominant and most well-known Class II Cas ef-
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fector protein as it has and continues to transform molecular biology through its specific editing of

DNA. Beyond CRISPR-Cas9 mediated knockdown and editing, recent Cas9 applications have in-

cluded creation of transgenic animal models, epigenome editing, high-throughput knockout and

mutagenesis screens, DNA visualization, gene drives, and more77–79. The breadth of applications

with impact spanning numerous scientific fields and diseases has primed the search for other single-

effector Cas proteins and subsequently lead to the discovery and use of Cas13, Cas12 and Cas14. The

discovery of RNA targeting effectors has expanded the potential applications for CRISPR-Cas sys-

tems to manipulate RNA and this is elaborated upon in the following sections.

1.3.2 RNA-targeting CRISPR-Cas proteins

Until 2016, all characterized CRISPR-Cas systems target DNA and only a few subtypes possess

RNA interference activity but only in certain contexts. There are now numerous characterized

CRISPR-Cas systems have been shown to target both RNA and DNA 80–83, or RNA alone 84,85.

Type III CRISPR-Cas systems cleave both DNA and transcribed RNA but vary in whether tran-

scription is required for RNA targeting 83,82. The specifics of cleavage in these systems are quite

variable. In Pyrococcus furiosus, the Cmr-crRNA complex cleaves complementary target RNAs at

a specific distance from the 3’ end of the crRNA 80,81. Thermus thermophilus’ subtype III-B system

cleaves the target RNA at multiples sites at 6 nt intervals through a 5’ ruler mechanism 82. Beyond

Type III systems, specific Type V systems have shown RNA interference activity despite most pos-

sessing DNA interference activity. Cas12g possesses an RNA-guided RNase activity unique from

other RNA-targeting Cas systems. Cas12g requires a trans-activating crRNA (tracrRNA) and other
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additional factors for processing the pre-crRNA and tracrRNA. Cas12g activation in the presence

of a ssRNA target triggers collateral trans-cleavage of both ssRNA and ssDNA 86. Therefore, it is

evident that prokaryotes have established variable protection mechanisms against RNA pathogens.

1.4 Cas13 biology and relevant applications

1.4.1 Current understanding of Cas13 biology

Cas13 is a Class II Type VI RNA-guided, RNA-targeting CRISPR-Cas effector protein75. Type VI

systems were first identified by searching genomic and metagenomic databases using either Cas1 or

the CRISPR array as the anchor for identifying single-unit effector proteins 87,88. Before biochemical

characterization, Cas13 was predicted to be an RNA-targeting protein because of the presence of

two HEPN (Higher Eukaryotes and Prokaryotes Nucleotide-binding) domains, which have been

associated with both antiviral and abortive infection mechanisms and present in other Cas effectors

(Csx1 and Csm6) 87,89. Multiple subtypes of Cas13 have been identified; each are quite divergent in

both sequence, location of the two HEPN domains, and the existence of accessory proteins 88,90.

Cas13 isolated from Leptotrichia shahii (LshCas13a) was the first Cas13a homolog to be character-

ized, and these studies confirmed the predicted RNA-guided, RNA-targeting activity 84,85. LshCas13a

provided protection against the RNA phage MS2, and RNA cleavage was not limited to one specific

site but instead the target RNA could be cleaved at U sites at various locations along the target RNA.

Both studies illustrated that following target recognition and cleavage, Cas13 could cleave RNA that

is not complementary to the crRNA, and this off-target cleavage activity lead to growth rate inhi-
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bition in bacteria 84,85. This observed phenomenon follows the prokaryotic model that antiviral

immunity can be coupled with programmed cell death or dormancy91,92. Both HEPN domains are

required for cleavage activity and when mutated Cas13 becomes an RNA-guided, RNA-binding pro-

tein 84,85. In contrast to other Class II systems, Cas13 crRNAs do not require a tracrRNA. Processed

crRNAs have spacers of varying length but the direct repeat (DR) has a characteristic hairpin that en-

ables Cas13 to complex with the crRNA 87,85. Further, Cas13 pre-crRNA processing activity is distinct

from its programmable cleavage activity 85. Structural studies of Cas13a of Lachnospiraceae bacterium

(LbuCas13a) and LshCas13a illustrated that these distinct RNA enzymatic activities are physically

separated and identified the specific residues that are essential for its distinct RNA cleavage activi-

ties. Further, these studies revealed that several protein confirmations exist and the location of the

HEPN domain’s catalytic residues are on the external surface of the protein, providing support for

the observed cleavage outside the crRNA-target binding region and target-activated collateral cleav-

age activity93,94. Characterization of additional Cas13a homologs revealed that cleavage nucleotide

preferences are dependent on the homolog, and cleavage occurs at varying efficiencies95.

Upon the discovery of Cas13a, numerous additional Class II Type VI CRISPR-Cas systems have

been discovered and characterized. The Type VI-B system has distinct differences from other Cas

systems in that Cas13b lacks Cas1 and Cas2, and Cas13b’s activity is regulated by Csx27 and Csx28.

Similar to Cas13a, Cas13b is able to process its own CRISPR array, has specific and potent RNA

cleavage activity, and collateral activity in vitro96. The Type VI-D CRISPR-Cas system Cas13d was

most recently discovered and characterized97,98. Cas13d effectors are smaller in size and structural

studies have identified the specific HEPN domains and residues required for pre-crRNA processing

16



and RNA cleavage98,99. Moreover, this system includes a WYL1 domain accessory protein which

positively regulates Cas13d’s on-target and collateral cleavage activity. Further, a target site’s activity

is not governed by a specific protospacer flanking site, as observed for Cas13a and Cas13b, but limited

secondary structure at the target site does improve targeting efficiency97.

Both studies in bacterial and mammalian systems have illuminated more details related to Cas13’s

self versus non-self discrimination, collateral activity, and the principles governing targeting activ-

ity. Because Cas13 does not have the protospacer adjacent motif requirement like Cas9, it remained

unknown following the initial Cas13a characterization studies how self-targeting was avoided 84.

Follow-up studies demonstrated that extended complementarity between the crRNA and target

eliminates cleavage and this extended base pairing is the mechanism by which self-targeting does

not occur 100. Initial Cas13 studies also demonstrated that Cas13 targeting leads to growth defects in

bacteria 84. Extensive studies of collateral cleavage in bacteria illustrated that this collateral activity

cleaves bacterial transcripts indiscriminately and triggers abortive infection as another means of herd

immunity against phage infection. Further, this growth defect is not bacterial cell death but instead

cell dormancy and this dormancy state is reversible 101. Lastly, understanding of Cas13 targeting rules

will have lasting impacts on Cas13 biology and downstream targeting applications. Using parallel

Cas13 screens, our understanding of both the crRNA and target site sequence features that influence

targeting efficiency is increasing 102.
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1.4.2 Current Cas13- and CRISPR-based applications

As Cas9 has revolutionized our ability to manipulate DNA, Cas13 has begun to make the same im-

pact on RNA-based applications due to its programmable RNase activity. Initial applications of

Cas13 targeting in mammalian cells demonstrated the efficiency of LwaCas13a to reduce mRNA lev-

els 103. Numerous studies have built upon this work including reducing viral RNA in plants 104–106,

reducing KRAS mRNA expression in relevant pancreatic cancer model systems 107, and targeting

long non-coding RNAs 108. The discovery of additional Type VI CRISPR-Cas systems has led to

the characterization of Cas13 orthologs with increased targeting efficiency in cell culture and some

orthologs smaller in size to enable packaging in adeno-associated viral vectors for in vivo delivery

applications 109,98. Initial studies of Cas13 demonstrated that mutating the catalytic HEPN domains

established Cas13 as an RNA binding protein 84. This activity has been harnessed for RNA imaging

and tracking in mammalian cells 103,110,111. Further, catalytically-dead Cas13 has been fused to RNA

editing enzymes to enable programmable A-to-G and C-to-U RNA editing 109,112.

Cas13, along with other CRISPR-Cas effectors with collateral cleavage activity, have been har-

nessed for the development of CRISPR-based diagnostics. Two platforms have been the focus

of currently published methods, including Cas13-based SHERLOCK (specific high-sensitivity re-

porter unlocking) 113,114 and Cas12a-based DETECTR (DNA endonuclease targeted CRISPR trans re-

porter) 115. Collateral RNA cleavage as measured by fluorescent RNA reporter molecule was demon-

strated when LshCas13a was first characterized 85. This observation set the stage for the development

of sensitive, specific Cas13-based diagnostic assays to detect viral RNA, bacterial DNA, and single-
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nucleotide variants 113. The SHERLOCK diagnostic platform has been expanded upon by harness-

ing different cleavage preferences of Cas13 orthologs and other CRISPR-Cas effectors for multi-

plexed detection, quantitative measurement, and colorimetric readouts 116, and SHERLOCK has

been shown to maintain performance at room-temperature for detecting Epstein-Barr virus DNA in

plasma samples 117.
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2
Genomic characterization of Zika virus

using targeted sequencing technologies



2.0 Preface

The Zika virus (ZIKV) pandemic in the Americas from 2015-2016 was a prime example of how an

RNA viruses introduced into a naive population with nondescript symptoms can make pathogen

identification and understanding of viral transmission challenging.

In Metsky et al., we generated 110 ZIKV genomes from patient samples collected in 10 countries

throughout the Americas 1. As an author on the publication, I implemented a targeted sequencing

approach that uses multiplexed polymerase-chain reaction (PCR), also described in this chapter as

amplicon PCR or amplicon sequencing, to amplify ZIKV genomic content to levels that would

be sufficient to generate a complete or near complete ZIKV genome following next-generation se-

quencing. I used this amplicon PCR approach to not only generate ZIKV genomes from patient

samples, but also prepared sequencing controls to validate computational approaches for identifying

inter-host variants. I worked with Hayden Metsky and Shirlee Wohl to follow up on results gleaned

from the sequencing libraries I generated, and I was involved in conversations on how to present the

findings of the work. The chapter below is adapted from this publication, in order to give special

attention and additional results and context to the portions for which I was most involved.

The data I generated and my contributions are specifically highlighted in Section 2.3.2 “Targeted

approaches to sequence Zika virus.” The data I generated is quantified by number of samples in

Table 2.1 and 2.2, a schematic of the method that I implemented is shown in Figure 2.1, and the gen-

erated data is highlighted in Figure 2.2A, B, and D-F. The challenges that were faced during this

project also motivated the work presented in later chapters and the genomic data generated in this
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chapter was also instrumental for diagnostic assay design described in Chapter 3, “Cas13-based diag-

nostics for low-resource settings.”

2.1 Abstract

Although the recent Zika virus (ZIKV) epidemic in the Americas and its link to birth defects have

attracted a great deal of attention 2,3, much remains unknown about ZIKV disease epidemiology and

ZIKV evolution, in part owing to a lack of genomic data. Here we address this gap in knowledge by

using multiple sequencing approaches to generate 110 ZIKV genomes from clinical and mosquito

samples from 10 countries and territories, greatly expanding the observed viral genetic diversity from

this outbreak. We analysed the timing and patterns of introductions into distinct geographic re-

gions; our phylogenetic evidence suggests rapid expansion of the outbreak in Brazil and multiple

introductions of outbreak strains into Puerto Rico, Honduras, Colombia, other Caribbean islands,

and the continental United States. We find that ZIKV circulated undetected in multiple regions for

many months before the first locally transmitted cases were confirmed, highlighting the importance

of surveillance of viral infections. We identify mutations with possible functional implications for

ZIKV biology and pathogenesis, as well as those that might be relevant to the effectiveness of diag-

nostic tests.
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2.2 Introduction

Since its introduction into the Americas, mosquito-borne ZIKV (family: Flaviviridae) has spread

rapidly, causing hundreds of thousands of cases of ZIKV disease, as well as ZIKV congenital syn-

drome and probably other neurological complications 2–4. Phylogenetic analysis of ZIKV can reveal

the trajectory of the outbreak and detect mutations that may be associated with new disease phe-

notypes or affect molecular diagnostics. Despite the 70 years since its discovery and the scale of the

recent outbreak, however, fewer than 100 ZIKV genomes have been sequenced directly from clini-

cal samples. This is due in part to technical challenges posed by low viral loads (for example, these

are often orders of magnitude lower than in Ebola virus or dengue virus infection 5–7), and by loss

of RNA integrity in samples collected and stored without sequencing in mind. Culturing the virus

increases the material available for sequencing but can result in genetic variation that is not represen-

tative of the original clinical sample.

2.3 Results

2.3.1 Metagenomic approach to sequence Zika virus

We sought to gain a deeper understanding of the viral populations underpinning the ZIKV epi-

demic by extensive genome sequencing of the virus directly from samples collected as part of on-

going surveillance. We initially pursued unbiased metagenomic sequencing to capture both ZIKV

and other viruses known to be co-circulating with ZIKV6. In most of the 38 samples examined by
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this approach there proved to be insufficient ZIKV RNA for genome assembly, but it still proved

valuable to verify results from other methods. Metagenomic data also revealed sequences from other

viruses, including 41 likely novel viral sequence fragments in mosquito pools (Supplementary Ta-

ble 2.1). In one patient we detected no ZIKV sequence but did assemble a complete genome from

dengue virus (type 1), one of the viruses that co-circulates with and presents similarly to ZIKV 8.

2.3.2 Targeted approaches to sequence Zika virus

To capture sufficient ZIKV content for genome assembly, we turned to two targeted approaches for

enrichment before sequencing: multiplex PCR amplification9 and hybrid capture 10. We sequenced

and assembled complete or partial genomes from 110 samples from across the epidemic, out of 229

attempted (221 clinical samples from confirmed and possible ZIKV disease cases and eight mosquito

pools; Table 2.1). This dataset, which we used for further analysis, includes 110 genomes produced us-

ing multiplex PCR amplification (amplicon sequencing) and a subset of 37 genomes produced using

hybrid capture (out of 66 attempted). Amplicon PCR enriches for ZIKV after reverse transcription

through the use of overlapping amplicons spanning the entire genome (Figure 2.1). Overlapping

amplicons also can help mediate some of the challenges related to RNA degradation and fragmenta-

tion.

Because targeted approaches amplify any contaminant ZIKV content, we relied heavily on nega-

tive controls to detect artefactual sequence, and we established stringent, method-specific thresholds

on coverage and completeness for calling high-confidence ZIKV assemblies (Figure 2.2A). Negative

controls included numerous no input (i.e. water controls) and Ebola, a Zika Uganda strain seed-
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Table 2.1: Samples and genomes by region

Country or territory Samples sequencing
genomes

Amplicon
capture

genomes

Hybrid Total
genomes

Brazil 53 27 7 27
Colombia 20 4 2 4

Dominican Republic 45 30 9 30
Guatemala/El Salvador 3 1 0 1

Haiti 4 1 0 1
Honduras 20 18 8 18

Jamaica 20 5 0 5
Martinique 3 1 0 1

Puerto Rico 15 3 1 3
Continental US 36 20 10 20

Other 10 0 0 0
Total 229

metagenomic
data

Samples with

12
0
7
0
0
6
0
0
0

12
1
38 110 37 110

Sample source information and sequencing results for 229 clinical and mosquito pool
samples.Continental United States includes eight mosquito pool samples; all others are
clinical samples from the Americas. In the final column, genomes generated by both meth-
ods are counted onlyonce. ‘Other’ includes regions without a ZIKV genome included in
downstream analysis.

stock, and dengue virus (DENV) seedstock were also use as input to cDNA synthesis followed by

amplicon PCR. Prior to library generation each multiplexed primer pool was quantified by tapesta-

tion and depending on the negative control used tapestation quantification ranged between 0 and

0.8 ng/μl (Table 2.2).

Completeness and coverage for these genomes are shown in Figure 2.2B and C; the median frac-

tion of the genome with unambiguous base calls was 93%. Per-base discordance between genomes

produced by the two methods was 0.017% across the genome, 0.15% at polymorphic positions, and

2.2% for minor allele base calls. Concordance of within-sample variants is shown in more detail in

Figure 2.2D–F. Patient sample type (urine, serum, or plasma) made no significant difference to se-
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Figure 2.1: Targeted approach using amplicon PCR. Schematic of the initial steps of the amplicon sequencing approach

in order to enrich for ZIKV in suspected ZIKV positive samples. Two separate pools of PCR primers (red: pool 1; blue:

pool 2) are used to tile the entire ZIKV genome.

Figure 2.2: Sequence data from clinical andmosquito samples. A) Thresholds used to select samples for downstream

analysis. Each point is a replicate. Red and blue shading: regions of accepted amplicon sequencing and hybrid capture

genome assemblies, respectively. Not shown: hybrid capture positive controls with depth> 10,000×. (B)Amplicon

sequencing coverage by sample (row) across the ZIKV genome. Red, sequencing depth≥ 100×; heatmap (bottom)

sums coverage across all samples. White horizontal lines on heatmap, amplicon locations. (C)Relative sequencing

depth across hybrid capture genomes. (D)Within sample variants for a single cultured isolate (PE243) across seven

technical replicates. Each point is a variant in a replicate identified using amplicon sequencing (red) or hybrid capture

(blue). Variants are plotted if the pooled frequency across replicates by either method is≥ 1%. (E)Within sample

variant frequencies across methods. Each point is a variant in a clinical or mosquito sample and points are plotted on

a log–log scale. Green points, ’verified’ variants detected by hybrid capture that pass strand bias and frequency filters.

Frequencies<1% are shown at 0%. (F)Counts of within-sample variants across two technical replicates for each

method. Variants are plotted in the frequency bin corresponding to the higher of the two detected frequencies.

quencing success in our study (Supplementary Figure 2.1).

Analysis of within-host viral genetic diversity can reveal important information for understand-
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Table 2.2: Quantification summary of amplified DNA for each ZIKV amplicon PCR pool.

Viral sample Category Amp. PCR pool 1 
conc. range (ng/μl)

Amp. PCR pool 2 
conc. range (ng/μl)

Amp. PCR pool 1 
conc. median (ng/μl)

Amp. PCR pool 1 
conc. median (ng/μl)

ZIKV 
seedstock + 3.4 – 83.4 10.7 – 179 41.7 63.15

Suspected 
ZIKV+ U 0 – 94.4 0 – 159 0.4 0.6

DENV 
seedstock (2) – 0.1 – 0.4 0 – 0.1 NA NA

Ebola 
seedstock – 0 – 0.8 0 0 0

Water – 0 – 0.472 0 – 0.8 0 0

Only listed viral samples where n≥2.

ing virus–host interactions and viral transmission. However, accurately identifying these variants

in low-titre clinical samples is challenging, and further complicated by potential artefacts associated

with enrichment before sequencing. To investigate whether we could reliably detect within-host

ZIKV variants in our data, we identified within-host variants in a cultured ZIKV isolate used as a

positive control throughout our study, and found that both amplicon sequencing and hybrid cap-

ture data produced concordant and replicable variant calls (Figure 2.2D). In clinical and mosquito

samples, hybrid capture within-host variants were noisier but contained a reliable subset: although

most variants were not validated by the other sequencing method or by a technical replicate, those at

high frequency were always replicable, as were those that passed a previously described filter 11(Figure

2.2E and F, Supplementary Table 2.3). Within this high confidence set we looked for variants that

were shared between samples as a clue to transmission patterns, but there were too few variants to

draw any meaningful conclusions. By contrast, within-host variants identified in amplicon sequenc-

ing data were unreliable at all frequencies (Figure 2.2F, Supplementary Table 2.3), suggesting that
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further technical development is needed before amplicon sequencing can be used to study within-

host variation in ZIKV and other clinical samples with low viral titres.

2.3.3 Zika virus spread through the Americas

To investigate the spread of ZIKV in the Americas we performed a phylogenetic analysis of the 110

genomes from our dataset, together with 64 published genomes available on NCBI GenBank and

in Faria et al. 12 and Grubaugh et al. 13 (Figure 2.3A). Our reconstructed phylogeny (Figure 2.3B),

which is based on a molecular clock (Supplementary Figure 2.2), is consistent with the outbreak hav-

ing originated in Brazil 14: Brazil ZIKV genomes appear on all deep branches of the tree, and their

most recent common ancestor is the root of the entire tree. We estimate the date of that common

ancestor to have been in early 2014 (95% credible interval (CI) August 2013 to July 2014). The shape

of the tree near the root remains uncertain (that is, the nodes have low posterior probabilities) be-

cause there are too few mutations to clearly distinguish the branches. This pattern suggests rapid

early spread of the outbreak, consistent with the introduction of a new virus to an immunologically

naive population. ZIKV genomes from Colombia (n = 10), Honduras (n = 18), and Puerto Rico (n

= 3) cluster within distinct, well-supported clades. We also observed a clade consisting entirely of

genomes from patients who contracted ZIKV in one of three Caribbean countries (the Dominican

Republic, Jamaica, and Haiti) or the continental United States, containing 30 of 32 genomes from

the Dominican Republic and 19 of 20 from the continental United States. We estimated the within-

outbreak substitution rate to be 1.15× 10-3 substitutions per site per year (95% CI (9.78× 10-4, 1.33×

10-3)), similar to prior estimates for this outbreak 14. This is 1.3–5 times higher than reported rates for
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other flaviviruses 15, but is measured over a short sampling period, and therefore may include a higher

proportion of mildly deleterious mutations that have not yet been removed through purifying selec-

tion.

Determining when ZIKV arrived in specific regions helps to elucidate the spread of the outbreak

and track rising incidence of possible complications of ZIKV infection. The majority of the ZIKV

genomes from our study fall into four major clades from different geographic regions, for which

we estimated a likely date for ZIKV arrival. In each case, the date was months earlier than the first

confirmed, locally transmitted case, indicating ongoing local circulation of ZIKV before its detec-

tion. In Puerto Rico, the estimated date was 4.5 months earlier than the first confirmed local case 16;

it was 8 months earlier in Honduras 17, 5.5 months earlier in Colombia 18, and 9 months earlier for

the Caribbean–continental US clade 19. In each case, the arrival date represents the estimated time to

the most recent common ancestor (tMRCA) for the corresponding clade in our phylogeny (Figure

2.3C, Supplementary Figure 2.3 and Supplementary Table 2.2). Similar temporal gaps between the

tMRCA of local transmission chains and the earliest detected cases were seen when chikungunya

virus emerged in the Americas 20. We also observed evidence for several introductions of ZIKV into

the continental United States, and found that sequences from mosquito and human samples col-

lected in Florida cluster together, consistent with the finding of local ZIKV transmission in Florida

in Grubaugh et al. 13.

Principal component analysis (PCA) is consistent with the phylogenetic observations (Supple-

mentary Figure 2.4). It shows tight clustering among ZIKV genomes from the continental United

States, the Dominican Republic, and Jamaica. ZIKV genomes from Brazil and Colombia are similar
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Figure 2.3: Zika virus spread throughout the Americas. (A) Samples were collected in each of the coloured countries

or territories. Specific state, department, or province of origin for samples in this study is highlighted if known. (B)

Maximum clade credibility tree. Dotted tips, genomes generated in this study. Node labels are posterior probabilities

indicating support for the node. Violin plots denote probability distributions for the tMRCA of four highlighted clades.

(C) Time elapsed between estimated tMRCA and date of first confirmed, locally transmitted case. Colour, distributions

based on relaxed clockmodel (also shown in B); grey, strict clock. Caribbean clade includes the continental United

States.
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and distinct from genomes sampled in other countries. ZIKV genomes from Honduras form a third

cluster that also contains genomes from Guatemala or El Salvador. The PCA results show no clear

stratification of ZIKV within Brazil.

2.3.4 Variation of Zika virus

Genetic variation can provide important insights into ZIKV biology and pathogenesis and can

reveal potentially functional changes in the virus. We observed 1,030 mutations in the complete

dataset, and they were well distributed across the genome (Figure 2.4). Any effect of these mutations

cannot be determined from these data; however, the most likely candidates for functional mutations

would be among the 202 nonsynonymous mutations and the 32 mutations in the 5′ and 3′ untrans-

lated regions (UTRs). Adaptive mutations are more likely to be found at high frequency or to be

seen multiple times, although both effects can also occur by chance.

Figure 2.4: ZIKV virus variants. Location of variants in the ZIKV genome. Theminor allele frequency is the proportion

of the 174 genomes from this outbreak that share a variant. Dotted bars,< 25% of samples had a base call at that

position.

We observed five positions with nonsynonymous mutations at more than 5% minor allele fre-

quency that occurred on two or more branches of the tree (Figure 2.5); two of these (at positions
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4,287 and 8,991) occurred together and might represent incorrect placement of a Brazil branch in the

tree. The remaining three are more likely to represent multiple nonsynonymous mutations; one (at

9,240) appears to involve nonsynonymous mutations to two different alleles.

Figure 2.5: Nonsynonymous variant relationship to the phylogenetic tree. Phylogenetic distribution of nonsynony-

mous variants withminor allele frequency> 5%, shown on the branchwhere themutation is most likely to have oc-

curred. Grey outline, variant might be on next-most ancestral branch (in two cases, two branches upstream), but exact

location is unclear because of missing data. Red circles, variants occurring at more than one location in the tree.

To assess the possible biological significance of these mutations, we looked for evidence of selec-

tion in the ZIKV genome. Viral surface glycoproteins are known targets of positive selection, and

mutations in these proteins can confer adaptation to new vectors21 or aid immune escape 22,23. We

therefore searched for an excess of nonsynonymous mutations in the ZIKV envelope glycoprotein
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(E). However, the nonsynonymous substitution rate in E proved to be similar to that in the rest

of the coding region (Supplementary Figure 2.5A, left); moreover, amino acid changes were signif-

icantly more conservative in that region than elsewhere (Supplementary Figure 2.5A, middle and

right). Any diversifying selection occurring in the surface protein thus appears to be operating under

selective constraint. We also found evidence for purifying selection in the ZIKV 3′ UTR (Supple-

mentary Figure 2.5B), which is important for viral replication 24.

While the transition-to-transversion ratio (6.98) was within the range seen in other viruses 25, we

observed a considerably higher frequency of C-to-T and T-to-C substitutions than other transitions

(Supplementary Figure 2.5B, Supplementary Figure 2.6). This enrichment was apparent both in

the genome as a whole and at fourfold degenerate sites, where selection pressure is minimal. Many

processes could contribute to this conspicuous mutation pattern, including mutational bias of the

ZIKV RNA-dependent RNA polymerase, host RNA editing enzymes (for example, APOBECs,

ADARs) acting upon viral RNA, and chemical deamination, but further investigation is required to

determine the cause of this phenomenon.

2.3.5 ZIKV variation in relation to diagnostics

Mismatches between PCR assays and viral sequence are a potential source of poor diagnostic perfor-

mance in this outbreak 26. To assess the potential influence of ongoing viral evolution on diagnostic

function, we compared eight published qRT–PCR-based primer/probe sets to our data. We found

numerous sites at which the probe or primer did not match an allele found among the 174 ZIKV

genomes from the current dataset (Figure 2.6). In most cases, the discordant allele was shared by all
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outbreak samples, presumably because it was present in the Asian lineage that entered the Ameri-

cas. These mismatches could affect all uses of the diagnostic assay in the outbreak. We also found

mismatches from new mutations that occurred after ZIKV entry into the Americas. Most of these

were present in less than 10% of samples, although one was seen in 29%. These observations suggest

that genome evolution has not caused widespread degradation of diagnostic performance during

the course of the outbreak, but that mutations continue to accumulate and ongoing monitoring is

needed.

Figure 2.6: Variant relationship to RT-PCR diagnostic assays. ZIKV diversity in diagnostic primer and probe regions.

Top, locations of published probes (dark blue) and primers (cyan) ? 27–31 on the ZIKV genome. Bottom, each column

represents a nucleotide position in the probe or primer. Colours in the column indicate the fraction of ZIKV genomes

(out of 174) that matched the probe/primer sequence (grey), differed from it (red), or had no data for that position

(white).

2.4 Discussion

Sequencing low-titre viruses such as ZIKV directly from clinical samples presents several challenges

that are likely to have contributed to the paucity of genomes available from the current outbreak.

While the development of technical and analytical methods will surely continue, we note that factors

upstream in the process, including collection site and cohort, were strong predictors of sequencing

success in our study (Supplementary Figure 2.1). This finding highlights the importance of contin-
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uing development and implementation of best practices for sample handling, without disrupting

standard clinical workflows, for wider adoption of genome surveillance during outbreaks. Addi-

tional sequencing, however challenging, remains critical to ongoing investigation of ZIKV biology

and pathogenesis. Together with Faria et al. 12 and Grubaugh et al. 13, this study advances both tech-

nological and collaborative strategies for genome surveillance in the face of unexpected outbreak

challenges.

The ZIKV virus pandemic also highlights the challenge re-emerging viruses and infectious dis-

eases poses to current diagnostic and therapeutic technologies. Genomic information in this case

helped to illuminate whether diagnostics needed to be updated. Furthermore, if nucleic acid-based

therapies become a more utilized strategy, genomics will accelerate therapeutic development as well.

2.5 Methods

No statistical methods were used to predetermine sample size. The experiments were not random-

ized and the investigators were not blinded to allocation during experiments and outcome assess-

ment.

2.5.1 Ethics statement

The clinical studies from which samples were obtained were evaluated and approved by the rele-

vant Institutional Review Boards/Ethics Review Committees at Hospital General de la Plaza de la

Salud (Santo Domingo, Dominican Republic), University of the West Indies (Kingston, Jamaica),

Universidad Nacional Autónoma de Honduras (Tegucigalpa, Honduras), Oswaldo Cruz Founda-
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tion (Rio de Janeiro, Brazil), Centro de Investigaciones Epidemiologicas—Universidad Industrial de

Santander (Bucaramanga, Colombia), Massachusetts Department of Public Health (Jamaica Plain,

Massachusetts), and Florida Department of Health (Tallahassee, Florida). Informed consent was

obtained from all participants enrolled in studies at Hospital General de la Plaza de la Salud, Univer-

sidad Nacional Autónoma de Honduras, Oswaldo Cruz Foundation, and Universidad Industrial

de Santander. IRBs at the University of West Indies, Massachusetts Department of Public Health,

and Florida Department of Health granted waivers of consent given this research with leftover clini-

cal diagnostic samples involved no more than minimal risk. Harvard University and Massachusetts

Institute of Technology (MIT) Institutional Review Boards/Ethics Review Committees provided

approval for sequencing and secondary analysis of samples collected by the aforementioned institu-

tions.

2.5.2 Sample collections and study subjects

Patients with suspected ZIKV infection (including high-risk travellers) were enrolled through study

protocols at multiple aforementioned collection sites. Clinical samples (including blood, urine, cere-

brospinal fluid, and saliva) were obtained from suspected or confirmed ZIKV cases and from high-

risk travellers.

2.5.3 Viral RNA isolation

RNA was isolated following the manufacturer’s standard operating protocol for 0.14–1-ml sam-

ples 32 using the QIAamp Viral RNA Minikit (Qiagen), except that in some cases 0.1 M final concen-
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tration of β-mercaptoethanol (as a reducing agent) or 40 μg/ml final concentration of linear acry-

lamide(Ambion) (as a carrier) were added to AVL buffer before inactivation. Extracted RNA was

resuspended in AVE buffer or nuclease-free water. In some cases, viral samples were concentrated

using Vivaspin-500 centrifugal concentrators (Sigma-Aldrich) before inactivation and extraction. In

these cases, 0.84 ml of sample was concentrated to 0.14 ml by passing through a 30-kDa filter and

discarding the flow-through.

2.5.4 Carrier RNA and host rRNA depletion

In a subset of human samples, carrier poly(rA) RNA and host rRNA were depleted from RNA sam-

ples using RNase H selective depletion 10,33. In brief, oligo d(T) (40 nt long) and/or DNA probes

complementary to human rRNA were hybridized to the sample RNA. The sample was then treated

with 15 units Hybridase (Epicentre) for 30 min at 45 °C. The complementary DNA probes were

removed by treating each reaction with an RNase-free DNase (Qiagen) according to the manufac-

turer’s protocol. Following depletion, samples were purified using 1.8× volume AMPure RNAclean

beads (Beckman Coulter Genomics) and eluted into 10 μl water for cDNA synthesis.

2.5.5 Illumina library construction and sequencing

cDNA synthesis was performed as described in previously published RNA-seq methods 10. To track

potential crosscontamination, 50 fg synthetic RNA (gift from M. Salit, NIST) was spiked into sam-

ples using unique RNA for each individual ZIKV sample. ZIKV negative control cDNA libraries

were prepared from water, human K-562 total RNA (Ambion), or EBOV (KY425633.1) seed stock;
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ZIKV positive controls were prepared from ZIKV Senegal (isolate HD78788) or ZIKV Pernam-

buco (isolate PE243; KX197192.1) seed stock. The dual index Accel-NGS 2S Plus DNA Library Kit

(Swift Biosciences) was used for library preparation. Approximately half of the cDNA product was

used for library construction, and indexed libraries were generated using 18 cycles of PCR. Each in-

dividual sample was indexed with a unique barcode. Libraries were pooled at equal molarity and

sequenced on the Illumina HiSeq 2500 or MiSeq (paired-end reads) platforms.

2.5.6 Amplicon-based cDNA synthesis and library construction

ZIKV amplicons were prepared as described9,13, similarly to ‘RNA jackhammering’ for preparing

low-input viral samples for sequencing 34, with slight modifications. After PCR amplification, each

amplicon pool was quantified on a 2200 Tapestation (Agilent Technologies) using High Sensitiv-

ity D1000 ScreenTape (Agilent Technologies). Two microlitres of a 1:10 dilution of the amplicon

cDNA was loaded and the concentration of the 350–550-bp fragments was calculated. The cDNA

concentration, as reported by the Tapestation, was highly predictive of sequencing outcome (that

is, whether a sample passed genome assembly thresholds) (Supplementary Figure 2.7). cDNA from

each of the two amplicon pools was mixed equally (10–25 ng each) and libraries were prepared using

the dual index Accel-NGS 2S Plus DNA Library Kit (Swift Biosciences) according to the manufac-

turer’s protocol. Libraries were indexed with a unique barcode using seven cycles of PCR, pooled

equally and sequenced on the Illumina MiSeq (250-bp paired-end reads) platform. Primer sequences

were removed by hard trimming the first 30 bases for each insert read before analysis.
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2.5.7 Zika virus hybrid capture

Virus hybrid capture was performed as previously described 10. Probes were created to target ZIKV

and chikungunya virus (CHIKV). Candidate probes were created by tiling across publicly available

sequences for ZIKV and CHIKV on NCBI GenBank 35. Probes were selected from among these

candidate probes to minimize the number used while maintaining coverage of the observed diversity

of the viruses. Alternating universal adapters were added to allow two separate PCR amplifications,

each consisting of non-overlapping probes.

The probes were synthesized on a 12k array (CustomArray). The synthesized oligos were am-

plified by two separate emulsion PCR reactions with primers containing T7 RNA polymerase

promoter. Biotinylated baits were in vitro transcribed(MEGAshortscript, Ambion) and added to

prepared ZIKV libraries. The baits and libraries were hybridized overnight (∼16h), captured on

streptavidin beads, washed, and re-amplified by PCR using the Illumina adaptor sequences. Cap-

ture libraries were then pooled and sequenced. In some cases, a second round of hybrid capture was

performed on PCR-amplified capture libraries to further enrich the ZIKV content of sequencing

libraries (Supplementary Figure 2.7). In the main text, ‘hybrid capture’ refers to a combination of

hybrid capture sequencing data and data from the same libraries without capture (unbiased), unless

explicitly distinguished.
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2.5.8 Genome assembly

We assembled reads from all sequencing methods into genomes using viral-ngs v1.13.3 36,37. We tax-

onomically filtered reads from amplicon sequencing against a ZIKV reference, KU321639.1. We

filtered reads from other approaches against the list of accessions that are common library construc-

tion contaminants. To compute results on individual replicates, we de novo assembled these and

scaffolded against KU321639.1. To obtain final genomes for analysis, we pooled data from multiple

replicates of a sample, de novo assembled, and scaffolded against KX197192.1. For all assemblies, we

set the viral-ngs ‘assembly_min_length_fraction_of_reference’ and ‘assembly_min_unambig’ pa-

rameters to 0.01. For amplicon sequencing data, unambiguous base calls required at least 90% of

reads to agree in order to call that allele (‘major_cutoff ’= 0.9); for hybrid capture data, we used

the default threshold of 50%. We modified viral-ngs so that calls to GATK’s UnifiedGenotyper set

‘min_indel_count_for_genotyping’ to 2.

At three sites with insertions or deletions (indels) in the consensus genome CDS, we corrected

the genome using Sanger sequencing of the RT–PCR product (namely, at 3,447 in the genome for

sample DOM_2016_BB-0085-SER; at 5,469 in BRA_2016_FC-DQ12D1-PLA; and at 6,516–6,564

in BRA_2016_FC-DQ107D1-URI, coordinates as in KX197192.1). At other indels in the consensus

genome CDS, we replaced the indel with ambiguity.

Depth-of-coverage values from amplicon sequencing include read duplicates. In all other cases,

we removed duplicates with viral-ngs.
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2.5.9 Identification of non-ZIKV viruses in samples by unbiased sequencing

Using Kraken v0.10.6 38 in viral-ngs, we built a database that included its default ‘full’ database

(which incorporates all bacterial and viral whole genomes from RefSeq 39 as of October 2015). Ad-

ditionally, we included the whole human genome (hg38), genomes from PlasmoDB40, sequences

covering mosquito genomes (Aedes aegypti, Aedes albopictus, Anopheles albimanus, Anopheles

quadrimaculatus, Culex quinquefasciatus, and the outgroup Drosophila melanogaster) from Gen-

Bank 35, protozoa and fungi whole genomes from RefSeq, SILVA LTP 16 S rRNA sequences41, and

all sequences from NCBI’s viral accession list42 (as of October 2015) for viral taxa that have human as

a host.

For each sample, we ran Kraken on data from unbiased sequencing replicates (not including hy-

brid capture data) and searched its output reports for viral taxa with more than 100 reported reads.

We manually filtered the results, removing ZIKV, bacteriophages, and known laboratory contam-

inants. For each sample and its associated taxa, we assembled genomes using viral-ngs as described

above. We used the following genomes for taxonomically filtering reads and as the reference for

assembly: KJ741267.1 (cell fusing agent virus), AY292384.1 (deformed wing virus), NC_001477.1

(dengue virus type 1) and LC164349.1 (JC polyomavirus). When reporting sequence identity of an

assembly to its taxon, we used BLASTN43 to determine the identity between the sequence and the

reference used for its assembly.

To focus on metagenomics of mosquito pools, we considered unbiased sequencing data from

eight mosquito pools (not including hybrid capture data). We first ran the depletion pipeline of
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viral-ngs on raw data and then ran the viral-ngs Trinity44 assembly pipeline on the depleted reads

to assemble them into contigs. We pooled contigs from all mosquito pool samples and identified all

duplicate contigs with sequence identity> 95% using CD-HIT45. Additionally, we used predicted

coding sequences from Prodigal 2.6.346 to identify duplicate protein sequences at> 95% identity.

We classified contigs using BLASTN43 against nt and BLASTX43 against nr (as of February 2017)

and discarded all contigs with an E value greater than 1× 10-4. We define viral contigs as contigs

that hit a viral sequence, and we manually removed all reverse-transcriptase like contigs owing to

their similarity to retrotransposon elements within the Aedes aegypti genome. We categorized viral

contigs with less than 80% amino acid identity to their best hit as likely novel viral contigs.

2.5.10 Relationship between metadata and sequencing outcome

To determine whether available sample metadata are predictive of sequencing outcome, we tested

the following variables: sample collection site, patient gender, patient age, sample type, and the

number of days between symptom onset and sample collection (collection interval). To describe

sequencing outcome of a sample S, we used the following response variable YS:

mean( I(R) * (number of unambiguous bases in R) for all amplicon sequencing replicates R of R ),

where I(R) = 1 if median depth of coverage of R≥ 275 and I(R) = 0 otherwise.

We excluded the saliva, cerebrospinal fluid, and whole blood sample types owing to sample num-

ber (n = 1), and also excluded mosquito pool samples and rows with missing values. We excluded

samples from one collection site (prefix JAM_2016_WI-) because most had missing values. We

treated samples with type ‘Plasma EDTA’ as having type ‘Plasma’. We treated the collection inter-
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val variable as categorical (0–1, 2–3, 4–6, and 7+ days).

With a single model we underfit the zero counts, possibly because many zeros (samples without

a replicate that passed ZIKV assembly) are truly ZIKV-negative. We thus view the data as coming

from two processes: one determining whether a sample is ZIKV-positive or ZIKV-negative, and an-

other that determines, among the observed passing samples, how much of a ZIKV genome we are

able to sequence. We modelled the first process, predicting whether a sample is passing, with logistic

regression (in R using GLM47 with binomial family and logit link); here, the observed passing sam-

ples are the samples S for which YS ≥ 2,500. For the second, we performed a beta regression, using

only the observed passing samples, of YS divided by ZIKV genome length on the predictor variables.

We implemented this in R using the betareg package48 and transformed fractions from the closed

unit interval to the open unit interval as the authors suggest.

To test the significance of predictor variables, we used a likelihood ratio test. For variableXi we

compared a full model (with all predictors) against a model that used all predictors exceptXi. The

results of these tests are shown in Supplementary Figure 2.1A and D. We explored the effects of sam-

ple type and collection interval on obtaining a passing assembly in Supplementary Figure 2.1B and

C, respectively. Error bars are 95% confidence intervals derived from binomial distributions. We

explored the effects of these same two variables on YS (in passing samples only) in Supplementary

Figure 2.1E and F.
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2.5.11 Criteria for pooling across replicates

We attempted to sequence one or more replicates of each sample and attempted to assemble a genome

from each replicate. We discarded data from any replicates whose assembly showed high sequence

similarity, in any part of the genome, to our assembly of the genome in a sample consisting of an

African (Senegal) lineage (strain HD78788) of ZIKV. We used this sample as a positive control

throughout this study, and considered its presence in the assembly of a clinical or mosquito pool

sample to be evidence of contamination. Similarly, we discarded data from four replicates belong-

ing to samples from the Dominican Republic because they yielded assemblies that were unexpect-

edly identical or highly similar to our assembly of the ZIKV isolate PE243 genome, another positive

control used in this study. We also discarded data from replicates that showed evidence of contam-

ination, at the RNA stage, by the baits used in hybrid capture; we detected these by looking for

adapters that were added to these probes for amplification.

For amplicon sequencing, we considered an assembly of a replicate to be ‘passing’ if it contained

at least 2,500 unambiguous base calls and had a median depth of coverage of at least 275× over

its unambiguous bases (depth includes duplicate reads). For the unbiased and hybrid capture ap-

proaches, we considered an assembly of a replicate ‘passing’ if it contained at least 4,000 unambigu-

ous base calls. For each approach, the unambiguous base threshold was based on an observed den-

sity of negative controls below the threshold (Figure 2.2A). For amplicon sequencing assemblies, we

added a coverage depth threshold because coverage depth was roughly binary across replicates, with

negative controls falling in the lower class. On the basis of these thresholds, 0 of 99 negative con-
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trols used throughout our sequencing runs yielded passing assemblies and 32 of 32 positive controls

yielded passing assemblies.

We considered a sample to have a passing assembly if any of its replicates, by either method,

yielded an assembly that passed the above thresholds. For each sample with at least one passing as-

sembly, we pooled read data across replicates for each sample, including replicates with assemblies

that did not pass the assembly thresholds. When data were available from both amplicon sequenc-

ing and unbiased/hybrid capture approaches, we pooled amplicon sequencing data separately from

data produced by the unbiased and hybrid capture approaches, the latter two of which were pooled

together (henceforth, the ‘hybrid capture’ pool). We then assembled a genome from each set of

pooled data. When assemblies on pooled data were available from both approaches, we selected for

downstream analysis the assembly from the hybrid capture approach if it had at least 10,267 unam-

biguous base calls (95% of the reference genome used, GenBank accession KX197192.1); when this

condition was not met, we selected the one that had more unambiguous base calls.

The number of ZIKV genomes publicly available before this study was the result of an NCBI

GenBank 35 search for ZIKV in February 2017. We filtered any sequences with length< 4,000 nt,

excluded sequences that are being published as part of this study or in Faria et al. 12 and Grubaugh

et al. 13, excluded sequences from non-human hosts, and excluded sequences labelled as having been

passaged. We counted fewer than 100 sequences, the precise number depending on details of the

count.
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2.5.12 Visualization of coverage depth across genomes

For amplicon sequencing data, we plotted coverage across the 110 samples that yielded a passing

assembly by amplicon sequencing (Figure 2.2B). With viral-ngs, we aligned depleted reads to the

reference sequence KX197192.1 using the novoalign aligner with options ‘-r Random -l 40 -g 40 -x 20

-t 100 -k’. Because of the nature of amplicon sequencing, duplicates were not identified or removed.

We binarized depth at each nucleotide position, showing red if depth of coverage was at least 100× .

Rows (samples) are hierarchically clustered to ease visualization.

For hybrid capture sequencing data, we plotted depth of coverage across the 37 samples that

yielded a passing assembly (Figure 2.2C). We aligned reads as described above for amplicon sequenc-

ing data, except we removed duplicates. For each sample, we calculated the depth of coverage at

each nucleotide position. We then scaled the values for each sample so that each would have a mean

depth of 1.0. At each nucleotide position, we calculated the median depth across the samples, as

well as the 20th and 80th percentiles. We plotted the mean of each of these metrics within a 200-nt

sliding window.

2.5.13 Multiple sequence alignments

We aligned ZIKV consensus genomes using MAFFT v7.22149 with the following parameters: ‘–

maxiterate 1000 –ep 0.123 –localpair’.
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2.5.14 Analysis of within- and between-sample variants

To measure overall per-basediscordance between consensus genomes produced by amplicon se-

quencing andhybrid capture, we considered all sites at which base calls were made in both the am-

plicon sequencing and hybrid capture consensus genomes of a sample, and we calculated the frac-

tion in which the bases were not in agreement. To measure discordance at polymorphic sites, we

searched for positions with a polymorphism in all genomes generated in this study that we selected

for downstream analysis (see Methods ‘Criteria for pooling across replicates’ for choosing among

the amplicon sequencing and hybrid capture genome when both are available). We then looked at

these positions in genomes that were available from both methods, and we calculated the fraction in

which the alleles were not in agreement.

To measure discordance at minor alleles, we searched for minor alleles in all genomes generated

in this study that we selected for downstream analysis. We then looked at all sites at which there

was a minor allele and for which genomes from both methods were available, and we calculated

the fraction in which the alleles were not in agreement. For these calculations, we tolerated partial

ambiguity (for example, ‘Y’ is concordant with ‘T’). If one genome had full ambiguity (‘N’) at a

position and the other genome had an indel, we counted the site as discordant; otherwise, if one

genome had full ambiguity, we did not count the site.

After assembling genomes, we identified within-sample variants by running V-Phaser 2.0 via viral-

ngs 37 on all pooled reads mapping to each sample assembly. When determining per-library allele

counts at each variant position, we modified viral-ngs to require a minimum base (Phred) quality
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score of 30 for all bases, discard anomalous read pairs, and use per-base alignment quality (BAQ) in

its calls to SAMtools 50 mpileup. This is particularly helpful for filtering spurious amplicon sequenc-

ing variants because all generated reads start and end at a limited number of positions (owing to the

pre-determined tiling of amplicons across the genome). Because amplicon sequencing libraries were

sequenced using 250-bp paired-end reads, bases near the middle of the 450-nt amplicons fall at the

end of both paired reads, where quality scores drop and incorrect base calls are more likely. To de-

termine the overall frequency of each variant in a sample, we summed allele counts (calculated using

SAMtools 50 mpileup via viral-ngs) across libraries.

When comparing variant frequencies between amplicon sequencing (seven technical replicates)

and hybrid capture (seven technical replicates) replicates of the PE243 positive control (Supplemen-

tary Figure 2.4), we included only positions at which the mean (pooled) frequency across replicates

within at least one method was≥ 1%. When comparing allele frequencies between replicate libraries,

we restricted the sample set to only samples with a passing assembly in both methods, and included

only samples with two or more replicates. By contrast, when comparing alleles across methods, we

included samples that have a passing assembly by either method, with any number of replicates. For

these comparisons, we included only positions with a minor variant; that is, positions for which

both libraries/methods had an allele at 100% were removed, even if the single allele differed between

the two libraries/methods. Additionally, we considered any allele with frequency< 1% as not found

(0%).

When comparing allele frequencies across methods: let fa and fhc be frequencies in amplicon

sequencing and hybrid capture, respectively. If both are non-zero, we included an allele only if the
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read depth at its position was≥ 1/min(fa, fhc) in both methods, and if depth at the position was

at least 100× for hybrid capture and 275× for amplicon sequencing. If fa = 0, we required a read

depth of max(1/fhc, 275) at the position in the amplicon sequencing method; similarly, if fhc = 0

we required a read depth of max(1/fa, 100) at the position in the hybrid capture method. This was

to eliminate lack of coverage as a reason for discrepancy between two methods. When comparing

allele frequencies across sequencing replicates within a method, we imposed only a minimum read

depth (275× for amplicon sequencing and 100× for hybrid capture), but required this depth in

both libraries. In samples with more than two replicates, we considered only the two replicates with

the highest depth at each variant position.

We considered allele frequencies from hybrid capture sequencing ‘verified’ if they passed the

strand bias and frequency filters previously described 11, with the exception that we imposed a mini-

mum allele frequency of 1% and allowed a variant identified in only one library if its frequency was

≥ 5%. In Figure 2.2F and Supplementary Table 2.3, we considered variants ‘validated’ if they were

present at≥ 1% frequency in both libraries or methods. When comparing two libraries for a given

methodM (amplicon sequencing or hybrid capture): the proportion unvalidated is the fraction,

among all variants inM at≥ 1% frequency in at least one library, of the variants that are at≥ 1%

frequency in exactly one of the two libraries. Similarly, when comparing methods: the proportion

unvalidated for a methodM is the fraction, among all variants at≥ 1% frequency inM, of the vari-

ants that are at≥ 1% frequency in≥ and< 1% frequency in the other method.

We called SNPs on the aligned genomes using Geneious version 9.1.7 51. We converted all fully

or partially ambiguous calls, which are treated by Geneious as variants, into missing data. We then
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removed all sites that were no longer polymorphic from the SNP set and re-calculated allele frequen-

cies. A nonsynonymous mutation is shown on the tree (Figure 2.5) if it includes an allele that is non-

synonymous relative to the ancestral state (see Methods ‘Molecular clock phylogenetics and ancestral

state reconstruction’ below) and has a minor allele frequency of> 5%; all occurrences of nonsyn-

onymous alleles are shown. (Two mutations, at positions 2,853 and 7,229, had nominal derived allele

frequencies over 95%; in both cases, the ‘ancestral’ allele was seen only in a small clade within the tree,

suggesting that the ancestral allele was incorrectly assigned. These are not shown.) We placed muta-

tions at a node such that the node leads only to samples with the mutation or with no call at that site.

Uncertainty in placement occurs when a sample lacks a base call for the corresponding mutation; in

this case, we placed the mutation on the most recent branch for which we have available data. We

also used this ancestral ZIKV state to count the frequency of each type of substitution over various

regions of the ZIKV genome, per number of available bases in each region (Supplementary Figure

2.4 and Supplementary Table 2.3).

We quantified the effect of nonsynonymous mutations using the original BLOSUM62 scoring

matrix for amino acids 52, in which positive scores indicate conservative amino acid changes and neg-

ative scores unlikely or extreme substitutions. We assessed statistical significance for equality of pro-

portions by χ2 test (Supplementary Figure 2.5, middle), and for difference of means by two-sample

t-test with Welch–Satterthwaite approximation of d.f. (Supplementary Figure 2.5, right). Error bars

are 95% confidence intervals derived from binomial distributions (Supplementary Figure 2.5, left and

middle; Supplementary Figure 2.5) or Student’s t distributions (Supplementary Figure 2.5, right).

65



2.5.15 Maximum likelihood estimation and root-to-tip regression

We generated a maximum likelihood tree using a multiple sequence alignment that included genomes

generated in this study, as well as a selection of other available sequences from the Americas, South-

east Asia, and the Pacific. We ran PhyML 53 with the GTR substitution model and 4 gamma sub-

stitution rate categories; for the tree search operation, we used ‘BEST’ (best of NNI and SPR).

In FigTree v1.4.2 54, we rooted the tree on the oldest sequence used as input (GenBank accession

EU545988.1).

We used TempEst v1.5 55, which selects the best-fitting root with a residual mean squared function,

to estimate root-to-tip distances. We performed regression in R with the lm function47 of distances

on dates. The relationship between root-to-tip divergence and sample dates (Supplementary Figure

2.2) supports the use of a molecular clock analysis in this study.

2.5.16 Molecular clock phylogenetics and ancestral state reconstruction

For molecular clock phylogenetics, we made a multiple sequence alignment from the genomes gen-

erated in this study combined with a selection of other available sequences from the Americas. We

did not use sequences from outside the outbreak in the Americas. Among ZIKV genomes published

and publicly available on NCBI GenBank 35, we selected 32 from the Americas that had at least 7,000

unambiguous bases, were not labelled as having been passaged more than once, and had location

metadata. We also used 32 genomes from Brazil published in Faria et al. 12 that met the same criteria.

We used BEAST v1.8.4 to perform molecular clock analyses 56. We used sampled tip dates to han-
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dle inexact dates 57. Because of sparse data in non-coding regions, we used only the CDS as input. We

used the SRD06 substitution model on the CDS, which uses HKY with gamma site heterogeneity

and partitions codons into two partitions (positions (1+ 2) and 3) 58. To perform model selection, we

tested three coalescent tree priors: a constant-size population, an exponential growth population,

and a Bayesian Skyline tree prior (ten groups, piecewise-constant model) 59. For each tree prior, we

tested two clock models: a strict clock and an uncorrelated relaxed clock with log-normal distribu-

tion (UCLN)60. In each case, we set the molecular clock rate to use a continuous time Markov chain

rate reference prior61. For all six combinations of models, we performed path-sampling (PS) and

stepping- stone sampling (SS) to estimate marginal likelihood62,63. We sampled for 100 path steps

with a chain length of 1 million, with power posteriors determined from evenly spaced quantiles of

a Beta(alpha = 0.3; 1.0) distribution. The Skyline tree prior provided a better fit than the two other

(baseline) tree priors (Supplementary Table 2.2), so we used this tree prior for all further analyses.

Using a constant or exponential tree prior, a relaxed clock provides a better model fit, as shown by

the log Bayes factor when comparing the two clock models. Using a Skyline tree prior, the log Bayes

factor comparing a strict and relaxed clock is smaller than it is using the other tree priors, and it is

similar to the variability between estimated log marginal likelihood from PS and SS methods. We

chose to use a relaxed clock for further analyses, but we also report key findings using a strict clock.

For the tree and tMRCA estimates in Figure 2.3, as well as the clock rate reported in main text, we

ran BEAST with 400 million MCMC steps using the SRD06 substitution model, Skyline tree prior,

and relaxed clock model. We extracted clock rate and tMRCA estimates, and their distributions,

with Tracer v1.6.0 and identified the maximum clade credibility (MCC) tree using TreeAnnotator
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v1.8.4. We visualised the tree in FigTree v1.4.2 54. The reported credible intervals around estimates

are 95% highest posterior density (HPD) intervals. When reporting substitution rate from a relaxed

clock model, we give the mean rate (mean of the rates of each branch weighted by the time length

of the branch). Additionally, for the tMRCA estimates in Figure 2.3C with a strict clock, we ran

BEAST with the same specifications (also with 400M steps) except using a strict clock model. The

resulting data are also used in the more comprehensive comparison shown in Supplementary Figure

2.3.

For the data with an outgroup in Supplementary Figure 2.3, we ran BEAST as specified above

(with strict and relaxed clock models), except with 100 million steps and with outgroup sequences in

the input alignment. The outgroup sequences were the same as those used to make the maximum

likelihood tree. For the data excluding sample DOM_2016_MA-WGS16-020-SER in Supplementary

Figure 2.3, we ran BEAST as specified above (with strict and relaxed clocks), except we removed the

sequence of this sample from the input and ran 100 million steps.

We used BEAST v1.8.4 to estimate transition and transversion rates within the CDS and non-

coding regions. The model was the same as above except that we used the Yang96 substitution

model on the CDS, which uses GTR with gamma site heterogeneity and partitions codons into

three partitions64; for the non-coding regions, we used a GTR substitution model with gamma site

heterogeneity and no codon partitioning. There were four partitions in total: one for each codon

position and another for the non-coding region (5′ and 3′ UTRs combined). We ran this for 200 mil-

lion steps. At each sampled step of the MCMC, we calculated substitution rates for each partition

using the overall substitution rate, the relative substitution rate of the partition, the relative rates of
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substitutions in the partition, and base frequencies. In Supplementary Figure 2.4, we plot the means

of these rates over the steps; the error bars shown are 95% HPD intervals of the rates over the steps.

We used BEAST v1.8.4 to reconstruct ancestral state at the root of the tree using CDS and non-

coding regions. The model was the same as above except that, on the CDS, we used the HKY substi-

tution model with gamma site heterogeneity and codons partitioned into three partitions (one per

codon position). On the noncoding regions we used the same substitution model without codon

partitioning. We ran this for 50 million steps and used TreeAnnotator v1.8.4 to find the state with

the MCC tree. We selected the ancestral state corresponding to this state.

In all BEAST runs, we discarded the first 10% of states from each run as burn-in.

2.5.17 Principle component analysis

We carried out principal component analysis using the R package FactoMineR65. We imputed miss-

ing data with the package missMDA66 and we show the results in Supplementary Figure 2.2.

2.5.18 Diagnostic assay assessment

We extracted primer and probe sequences from eight published RT–qPCR assays67,27–31 and aligned

them to our ZIKV genomes using Geneious version 9.1.761. We then tabulated matches and mis-

matches to the diagnostic sequence for all outbreak genomes, allowing multiple bases to match

where the diagnostic primer and/or probe sequence contained nucleotide ambiguity codes (Figure

2.6).
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2.5.19 Data availability

Sequence data that support findings of this study have been deposited in NCBI GenBank 35 un-

der BioProject accession PRJNA344504. Zika virus genomes have accession numbers KY014295–

KY014327 and KY785409–KY785485. The dengue virus type 1 genome sequenced in this study has

accession number KY829115.
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3
Cas13-based diagnostics for low-resource

settings



3.0 Preface

The development of viral diagnostics often balances the requirements of sensitivity and specificity

with user-ease and speed. Nucleic acid-based assays are commonly highly sensitive and specific, but

often require expensive equipment to both collect and report the results. In contrast, rapid antigen-

based tests have reduced equipment needs, usually have a visual readout, but in many cases have

decreased sensitivity and take longer to design and validate.

In this chapter, largely based on Myhrvold*, Freije*, et al. 1, I describe the development of Cas13-

based diagnostics for numerous RNA viruses and viral variants, and the development of methods

that enable these diagnostics to be used in low-resource settings. I was a co-first author of this publi-

cation and have included the complete text of this collaborative work in this chapter. This chapter is

supplemented with some unpublished results that describe collaborative work to deploy these diag-

nostic technologies in Honduras. For thoroughness, I highlight my specific contributions below to

supplement the acknowledgement section, which more generally describes all authors’ involvement

in the work.

My primary contributions are detailed in Section 3.3.1, “ZIKV and DENV detection from ex-

tracted nucleic acid,” Section 3.3.3 “Multivirus SHERLOCK panels,” and Section 3.3.5 “Testing of

ZIKV and DENV SHERLOCK diagnostics in Honduras.” I was heavily involved in initial testing

of the ZIKV SHERLOCK assay and the comparisons of its performance to PCR assays and ampli-

con PCR (Figure 3.2A,B and Supplementary Figures 3.2-3.5). I designed the pan-DENV assay and

tested all extracted RNA from patient samples and clinical isolates with this assay (Figure 3.2C and

82



3.4D-F, and Supplementary Figures 3.6 and 3.7). I designed both the flavivirus and DENV serotyp-

ing assays and tested all synthetic, patient, and clinical isolate samples (Figure 3.5 and Supplemental

Figures 3.19-3.25). Finally, I have been heavily involved in SHERLOCK training in Honduras as well

as improving the ZIKV and DENV assays in order to achieve sensitive detection at our Honduran

collaborator’s laboratory (Figure 3.9 and Supplementary Figure 3.29).

3.1 Abstract

Mitigating global infectious disease requires diagnostic tools that are sensitive, specific, and rapidly

field deployable. In this study, we demonstrate that the Cas13-based SHERLOCK (specific high-

sensitivity enzymatic reporter unlocking) platform can detect Zika virus (ZIKV) and dengue virus

(DENV) in patient samples at concentrations as low as 1 copy per microliter. We developed HUD-

SON (heating unextracted diagnostic samples to obliterate nucleases), a protocol that pairs with

SHERLOCK for viral detection directly from bodily fluids, enabling instrument-free DENV de-

tection directly from patient samples in <2 hours. We further demonstrate that SHERLOCK can

distinguish the four DENV serotypes, as well as region-specific strains of ZIKV from the 2015–2016

pandemic. Finally, we report the rapid (<1 week) design and testing of instrument-free assays to

detect clinically relevant viral single-nucleotide polymorphisms.
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3.2 Introduction

Recent viral outbreaks have highlighted the challenges of diagnosing viral infections, particularly

in areas far from clinical laboratories. Viral diagnosis was especially difficult during the 2015–2016

Zika virus (ZIKV) pandemic; low viral titers and transient infection2,3, combined with limitations of

existing diagnostic technologies, contributed to ZIKV circulating for months before the first cases of

infection were confirmed clinically4–6. An additional challenge for viral diagnostics is differentiating

between related viruses that cause infections with similar symptoms like ZIKV and dengue virus

(DENV) 2. Existing nucleic acid detection methods are vey sensitive and rapidly adaptable, but most

require extensive sample manipulation and expensive machinery 2,7–9. In contrast, antigen-based

rapid diagnostic tests require minimal equipment but have lower sensitivity and specificity, and assay

development can take months 10–12. An ideal diagnostic would combine the sensitivity, specificity,

and flexibility of nucleic acid diagnostics with the speed and ease of use of antigen-based tests. Such

a diagnostic could be rapidly developed and deployed in the face of emerging viral outbreaks and

would be suitable for disease surveillance or routine clinical use in any context.

The Cas13-based nucleic acid detection platform SHERLOCK (specific high-sensitivity enzymatic

reporter unlocking) has the potential to address the key challenges associated with viral diagnostics.

SHERLOCK combines isothermal amplification via recombinase polymerase amplification (RPA) 13

with highly specific Cas13-based detection (Figure 3.1) 14. Cas13, an RNA-guided ribonuclease, pro-

vides specificity through CRISPR RNA (crRNA)-target pairing and additional sensitivity due to

signal amplification by Cas13’s collateral cleavage activity 15,16.
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Figure 3.1: Cas13-based detection using SHERLOCK. (A) Schematic of RPA. Recombinase proteins bind to primers

and enable strand invasion of double-strandedDNAwith the help of a single-strandedDNA binding protein. The

polymerase then creates the complementary DNA strand and amplification occurs. (B) Schematic of SHERLOCK.

Nucleic acid is extracted from clinical samples, and the target is amplified by RPAwith either RNA or DNA as the input

(RT-RPA or RPA, respectively). RPA products are detected in a reactionmixture containing T7 RNA polymerase, Cas13,

a target-specific crRNA, and an RNA reporter that fluoresces when cleaved.

For SHERLOCK to excel at viral detection in any context, it should be paired with methods

enabling direct detection from patient samples with a visual readout. In this study, we tested the

performance of SHERLOCK for ZIKV and DENV detection in patient samples and developed

HUDSON (heating unextracted diagnostic samples to obliterate nucleases), a method to enable

rapid, sensitive detection of ZIKV and DENV directly from bodily fluids with a colorimetric read-

out, demonstrated as part of SHERLOCKv2 17. Additionally, we designed SHERLOCK assays to

distinguish multiple viral species and strains and identify clinically relevant mutations.
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3.3 Results

3.3.1 ZIKV and DENV detection from extracted nucleic acid

Detection of ZIKV and DENV in patient samples provides a stringent test of the sensitivity of

SHERLOCK and its tolerance of viral diversity. ZIKV detection was a key test of SHERLOCK’s

sensitivity, in large part because ZIKV is notoriously challenging to detect due to low viral titers

and sample degradation 3. Our ZIKV SHERLOCK assay had single-copy [1 copy (cp)/μL] sensitiv-

ity when tested on seedstock cDNA (Supplementary Figure 3.1). We evaluated its performance on

40 cDNAs derived from samples collected during the 2015–2016 ZIKV pandemic, 37 from samples

obtained from patients with suspected ZIKV infections and 3 from mosquito pools (Figure 3.2A,

Supplementary Figure 3.2, and Supplementary Table 3.1).

For 16 samples from these patients, we benchmarked SHERLOCK by comparing its sensitivity

and specificity to those of two FDA-EUA approved ZIKV nucleic acid amplification diagnostics,

including the commercially available Altona RealStar ZIKV reverse transcription polymerase chain

reaction (RT-PCR) assay and the Hologic Aptima ZIKV assay (Figure 3.2B, Supplementary Figure

3.3, Supplementary Table 3.2). We performed the the Altona and SHERLOCK assays such that the

reverse transcription conditions and input volumes were equivalent: 20 minute reverse transcription

and 10 μl input. cDNA is diluted 1:4 from the RNA input due to the reverse transcription reaction

conditions, thus the amount of RNA that we are using for SHERLOCK is one-fourth the amount

used by the Altona kit. We observed equal sensitivity between the two methods, with 10 of 16 sam-
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ples positive by each method and 100% concordance overall; the other 6 samples were negative by

both assays (100% specificity, 100% concordance) (Figure 3.2B and Supplementary Figure 3.3). We

then compared SHERLOCK and the Altona assay to the Hologic Aptima Zika Virus Assay, which

uses a much larger input volume (>500 μl). All 10 samples positive by both the Altona assay and

SHERLOCK were positive by the Hologic assay (Supplementary Table 3.2). Three samples were

positive by the Hologic assay but not the other two assays, likely due to the greater than 50× larger

sample input volume for the Hologic assay. In conclusion, SHERLOCK has equivalent sensitivity

to RT-PCR assays for ZIKV detection, and its sensitivity relative to the Hologic assay is limited by

the input volume. Our ZIKV assay had no false positives when tested on healthy urine and water

(Figure 3.2A).

Figure 3.2: ZIKV andDENV detection from patient samples and clinical isolates. (A) SHERLOCK testing of cDNAs

derived from 37 patient samples collected during the 2015–2016 ZIKV pandemic. (B) SHERLOCK testing of cDNAs

from 16 patient samples for which results were compared head-to-head to those from the Altona RealStar ZIKV RT-

PCR assay. (C) SHERLOCK testing of RNA extracted from 24DENV-positive patient samples and clinical isolates. For

(B,C), +, ZIKV seed stock cDNA (3× 102 cp/μl);×, no input; a.u., arbitrary units. For (A-C), dashed blue line: threshold

for detecting presence or absence of ZIKV or DENV.

Additionally, we tested a set of 37 suspected positive patient samples and 3 mosquito pools from
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the 2015–2016 ZIKV pandemic with both SHERLOCK and amplicon PCR to determine the pres-

ence or absence of ZIKV nucleic acid in a given sample. Comparison of SHERLOCK to amplicon

PCR was based on our observations while performing wide-scale genome sequencing during the

ZIKV pandemic that partial genomes were very common4. This suggested that a genome-wide

comparator would offer higher sensitivity than single-amplicon approaches such as RT-PCR. With

the amplicon PCR approach, we quantified the amplicon PCR products using an Agilent tapesta-

tion and selected a threshold of 2 ng/μl for determining the presence or absence of ZIKV, which

maximizes accuracy as measured by genome sequence coverage of the amplicon PCR product (Sup-

plementary Figure 3.4, see Methods Section 3.5.8 for details). There was high concordance (82.5%)

between the two methods despite differences between the regions of the ZIKV genome they target

(Supplementary Figure 3.5). The amplicon PCR method tiles the entire ZIKV genome, whereas

SHERLOCK uses only one amplicon that at 128 nt long is shorter than the 300-400 nt long PCR

amplicons (Supplementary Figure 3.5). Thus, it is possible for highly degraded samples (with short

RNA fragments) to be more readily detected by SHERLOCK than by amplicon PCR. Conversely,

if the SHERLOCK amplicon itself has degraded but other parts of the genome have not, then ampli-

con PCR will detect the remaining portions of the genome present in a sample.

We then validated the ability of SHERLOCK to detect DENV, a related but more diverse fla-

vivirus that causes symptoms similar to those of ZIKV infection. All 24 RT-PCR-positive DENV

RNA samples were confirmed to be positive for DENV after 1 hour of detection (Figure 3.2C, Sup-

plementary Figures 3.6 and 3.7, Supplementary Table 3.3). SHERLOCK sensitively and specifically

detects viral nucleic acids extracted from ZIKV and DENV patient samples.
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3.3.2 Development of HUDSON

Although SHERLOCK excels at detecting extracted nucleic acids, a field-deployable, rapid diag-

nostic test should not require an extraction step to detect viral nucleic acid in bodily fluids. Many

viruses, including ZIKV and DENV, are shed in urine or saliva, and sampling is not invasive 3,8. To

detect viral nucleic acid directly from bodily fluids via SHERLOCK, we developed HUDSON, a

method to lyse viral particles and inactivate the high levels of ribonucleases found in bodily fluids

with the use of heat and chemical reduction (Figure 3.3, Supplementary Figure 3.8) 18.

Figure 3.3: Nucleic acid extractionwith HUDSON. Schematic of direct viral detection by HUDSON and SHERLOCK.

HUDSON-treated urine or saliva could be directly added to RPA reaction mixtures with no di-

lution or purification step [blood products were diluted 1:3 in phosphate-buffered saline (PBS) to

avoid solidification during HUDSON] without inhibiting subsequent amplification or detection.

HUDSON and SHERLOCK enabled sensitive detection of free ZIKV nucleic acid spiked into

urine, whole blood, plasma, serum, or saliva (Supplementary Figures 3.9-3.12). To mimic clinical in-

fection, where viral nucleic acid is encapsulated in infectious particles, we spiked infectious ZIKV

particles into bodily fluids. HUDSON combined with SHERLOCK (Supplementary Figures 3.13
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and 3.14) permitted sensitive detection of ZIKV RNA from infectious particles at 90 aM (45 cp/μL)

in whole blood (Supplementary Figure 3.15) or serum (Figure 3.4A), 0.9 aM ( 1 cp/μL) in saliva (Fig-

ure 3.4B), and 20 aM (10 cp/μL) in urine. The total turnaround time was <2 hours with fluorescent

and colorimetric readouts (Figure 3.4C and Supplementary Figure 3.16). The sensitivity of HUD-

SON and SHERLOCK is comparable to ZIKV RNA concentrations observed in patient samples,

which range from 1 to 1,000 cp/μl 2,3.

Figure 3.4: Direct detection of ZIKV andDENV in bodily fluids with HUDSON and SHERLOCK. (A andB) Detection

of ZIKV RNA in particles diluted in healthy human serum (A) or healthy human saliva (B). (C)Detection of ZIKV RNA

in particles diluted in healthy human urine. Error bars indicate 1 SD for three technical replicates. (D and E) Detection

of DENVRNA directly from patient serum (D) and saliva (E) samples. (F) Lateral-flow detection of DENV from the

samples represented in (D) and (E). The same PBS control was used for (B) and (C) as experiments were performed

together. All samples were treated with tris(2-carboxyethyl)phosphine hydrochloride (TCEP)-EDTA before being

heated.

HUDSON, paired with pan-DENV SHERLOCK, detected DENV in whole blood, serum, and

saliva (Supplementary Figures 3.17 and 3.18). DENV was detected directly from eight of eight patient
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serum samples (Figure 3.4D) and three of three patient saliva samples (Figure 3.4E) tested, with a

total turnaround time of <1 hour for saliva despite lower viral titers than those in serum 8. We di-

rectly detected DENV with a colorimetric readout using lateral-flow strips (Figure 3.4F), showcasing

a HUDSON-to-SHERLOCK pipeline that can detect ZIKV or DENV directly from bodily fluids

with minimal equipment.

3.3.3 Multivirus SHERLOCK panels

Because many genetically and antigenically similar flaviviruses cocirculate and cause similar symp-

toms, we developed diagnostic panels to distinguish related viral species and serotypes. We identi-

fied conserved regions within ZIKV, DENV, West Nile virus (WNV), and yellow fever virus (YFV)

genomes and designed a flavivirus panel with universal flavivirus RPA primers that can amplify any

of the four viruses and species-specific crRNAs (Figure 3.5A). This panel detected synthetic ZIKV,

DENV, WNV, and YFV DNA targets with <0.22% off-target fluorescence (Figure 3.5B, Supple-

mentary Figures 3.19 and 3.20, and see Methods Section 3.5.8 for more details) and identified the

presence of all pairwise combinations of these four viruses, demonstrating the ability to detect mock

co-infections (Figure 3.5C and Supplementary Figures 3.21 and 3.22).
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Figure 3.5 (following page): Multivirus panels can be used to differentiate viral species and serotypes. (A-C) Panel of

four related flaviviruses (A) used to detect individual viral targets (B) or paired viral targets (C)with species-specific

crRNAs after 3 hours. Z, ZIKV; D, DENV;W,WNV; Y, YFV. (D and E) Identification of DENV serotypes 1 through 4with

the use of serotype-specific crRNAs (D), tested with the use of synthetic targets after 3 hours (E). (F) Identification of

DENV serotypes in RNA extracted from patient samples. Each row represents a sample, each column represents a

crRNA, and target-specific fluorescence values are normalized by row. Purple: DENV serotype identified. Synthetic

targets were used at 104 cp/μl. Error bars indicate 1 SD for three technical replicates. We expect off-target crRNAs to

have close to zero target-specific fluorescence (seeMethods Section 3.5.8 for more details).
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