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ABSTRACT 

Long Read Based Individual Molecule Sequencing and Real-time 

Pathogen Detection 

Chongwei Bi 

 

With the ability to produce reads with hundreds of kilobases in length, long-read 

sequencing technology is emerging as a powerful tool to decode complex genetic 

sequences that are previously inaccessible for short reads. Though the sequencing 

chemistry and base calling algorithm are being actively developed, the accuracy of the 

current long-read sequencing is still considerably low, thus limiting its applications. In 

this dissertation, I present three long read based DNA sequencing methods to overcome 

the limitation of read accuracy, contribute to a better understanding of Cas9 editing 

outcomes and mitochondrial DNA heterogeneity, and pave the way for real-time 

pathogen detection and mutation surveillance.  

 

The development of IDMseq enables the single-base-resolution haplotype-resolved 

quantitative characterization of diverse types of rare variants. IDMseq provides the first 

quantitative evidence of persistent nonrandom large structural variants following repair 

of double-strand breaks induced by CRISPR-Cas9 in human ESCs. The development of 

iMiGseq represents the first mitochondrial DNA sequencing method that provides ultra-

sensitive variant detection, complete haplotyping, and unbiased evaluation of 
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heteroplasmy levels, all at the individual mitochondrial DNA molecule level. iMiGseq 

uncovers unappreciated levels of heteroplasmic variants in single healthy human 

oocytes well below the current 1% detection limit, of which numerous variants are 

deleterious and associated with late-onset mitochondrial disease and cancer. It could 

comprehensively characterize and haplotype single-nucleotide and structural variants of 

mitochondrial DNA and their genetic linkage in NARP/Leigh syndrome patient-derived 

cells. The development of NIRVANA deals with the COVID-19 pandemic. NIRVANA can 

simultaneously detect SARS-CoV-2 and three co-infecting respiratory viruses, and 

monitor mutations for up to 96 samples in real time. It provides a promising solution for 

rapid field-deployable detection and mutation surveillance of pandemic viruses.  

 

Taken all together, IDMseq, iMiGseq and NIRVANA utilize the advantage of long reads, 

overcome the limitation of low accuracy, and facilitate the application of long-read 

sequencing technologies in multidisciplinary fields. 
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Chapter 1 

Introduction 

1.1 Long-read DNA sequencing 

1.1.1 Background 

The development of DNA sequencing technologies has brought an unprecedented 

advance in understanding the diversity and complexity of genetics, and continually 

contributes to breakthroughs in biology. Currently, there are two major DNA sequencing 

strategies under active developments: short-read sequencing and long-read sequencing. 

Massive parallel sequencing technologies, also known as next-generation sequencing 

(NGS), provide short reads of superior raw-read accuracy (ideally > 99.9%(Wenger et al., 

2019)) and low per-base cost. A paradigm of short-read sequencing technologies is 

Illumina sequencing, which has been widely used in large-scale population-level 

research and has been developed as clinical tools for diagnosing genetic 

diseases(Scocchia et al., 2019). Short-read sequencing platforms can generate plenty of 

data (high throughput), however, the read lengths of which are typically short (50 - 300 

bp for Illumina sequencing), thus requiring careful elucidation of results especially for 

genetic regions with complex structural variants. 

 

Long-read sequencing technologies, or third-generation sequencing technologies, 

conquer the limitation of short read length and improve the performance in resolving 

complex variants, including copy number alterations, repeat expansions and large 

structural variations(Jiang et al., 2020). With the development of sequencing 
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chemistries, the cost of long-read sequencing is going down while the accuracy is 

improving. The state-of-the-art long-read sequencing platforms routinely generate 

reads in excess of tens of kb with accuracy more than 90%(Amarasinghe et al., 2020). 

 

1.1.2 PacBio SMRT sequencing and ONT Nanopore sequencing 

Currently, there are two most widely used long-read sequencing technologies in the 

field: single-molecule real-time (SMRT) sequencing from Pacific Biosciences (PacBio) and 

Nanopore sequencing from Oxford Nanopore Technologies (ONT). Both of the two 

technologies perform DNA sequencing at single-molecule resolution, which differs from 

typical short-read sequencing that relies on a clonal amplification of small DNA 

fragments to generate detectable signals. The principles of SMRT and Nanopore 

sequencing are different. SMRT sequencing applies circular amplification of DNA 

molecules and identifies the DNA composition based on the fluorescence signals from 

incorporated dNTPs (Fig. 1.1a). DNA is fragmented and prepared to the SMRTbell library 

by ligating two hairpin adapters to allow continuous circular amplification. The SMRTbell 

library is loaded in a SMRT cell, which contains many thousands of zero-mode 

waveguide (ZMW) wells. The DNA polymerase is fixed in the transparent bottom of the 

ZMW well, and amplifies the SMRTbell template using fluorophore-labeled dNTPs and 

cleaves the fluorophore off after incorporation. The fluorescence signals from 

incorporated dNTPs are captured by a laser and camera system under the ZMW well 

and used to decode DNA sequence. 
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Fig. 1.1 Principles of SMRT and Nanopore sequencing (Adapted from Goodwin, et.al. 

Nature Reviews Genetics. 2016). a, schematic representation of PacBio SMRT 

sequencing. b, schematic representation of Oxford Nanopore sequencing. 

 

The advantage of SMRT sequencing mainly originates from the circular amplification of 

the SMRTbell library, which allows the same DNA temples to be amplified and 

sequenced repeatedly to generate multiple-pass reads. PacBio provides tools to convert 

multiple-pass reads to circular consensus sequence (CCS), leading to a significant 

improvement of sequencing accuracy from 85.0% to 99.8%(Weirather et al., 2017; 

Wenger et al., 2019). However, the read length of SMRT sequencing is restricted by the 

circular amplification, as the DNA polymerase can barely amplify more than 30 kb in 

length. This results in a typical read length of shorter than 15 kb in SMRT sequencing.  
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In Nanopore sequencing, a native single-stranded DNA (ssDNA) is directly measured to 

decode the DNA sequence rather than monitoring the incorporation of dNTPs (Fig. 

1.1b). In the Nanopore flow cell, the synthetic protein nanopore is embedded in an 

electrically-resistant polymer membrane and connected with electronical sensors to 

measure the current through the nanopore channel(Lu et al., 2016). To push the DNA 

through the nanopore, a motor protein is introduced in the library preparation and 

unwinds the double-stranded DNA (dsDNA) to ssDNA. It drives ssDNA through the 

nanopore at a current speed of ~400 nt per second, leading to a voltage blockade and 

current shift (squiggles). As the barrel-shaped nanopore holds more than five bases of 

ssDNA during the sequencing, any current shifts are due to the co-effect of stretched 

ssDNA strand(Wang et al., 2015). The base calling software adapts a machine learning 

based method to decode the electronic current signals using a typical 5-base model, 

which is also known as 5-mer(Wick et al., 2019). A rapid base calling can be performed 

with compromised accuracy during the sequencing run, thus enabling real-time data 

interpretation, which is especially advantageous in time-sensitive applications like 

pathogen detection. 

 

The amplification-free Nanopore sequencing has shown great potentials in providing 

ultra-long reads with length more than 2.2 Mb(Payne et al., 2019). Such ultra-long reads 

enable accurate interpretation and assembly of complex genomes, including the phasing 

and assembly of the complete 4-Mb major histocompatibility complex (MHC)(Jain et al., 
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2018) and a telomere-to-telomere assembly of the entire human X chromosome(Miga 

et al., 2020). Besides long reads, Nanopore sequencing is unique in providing direct 

detection of DNA modifications and direct native RNA sequencing. Those applications 

are generally difficult and time-consuming for conventional NGS platforms, but 

straightforward for Nanopore sequencing due to its ability to directly monitor the 

translocation of single DNA or RNA molecules through the nanopore(Jain et al., 2016). 

 

Previously, Nanopore long read is thought to be error-prone especially in homopolymer 

regions due to the background noise of electronic current signals and the limitation of 

base calling algorithms(Rang et al., 2018). Since the release of the official base calling 

tool termed Guppy, the raw read accuracy of Nanopore has been raised from ~88% to 

~95%, while the consensus read accuracy reached ~99.9%(Wick et al., 2019). The 

significant improvement of read accuracy facilitates the applications of Nanopore 

sequencing in multidisciplinary fields, including the genetic diagnosis in the clinic (Wei et 

al., 2018) and rapid identification of viral pathogens(Greninger et al., 2015b).   

 

1.2 CRISPR-Cas based gene editing 

1.2.1 Introduction 

Microbial clustered regularly interspaced short palindromic repeat (CRISPR) is a part of 

prokaryotic adaptive immunity system that works with the CRISPR-associated (Cas) 

nuclease to cleave invading foreign nucleic acids(Deveau et al., 2010; Horvath and 

Barrangou, 2010; Makarova et al., 2011). The ability of the CRISPR-Cas system to 
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generate DNA double strand break (DSB) makes it a potential candidate for gene editing. 

Among the three types (I-III) of class 2 CRISPR-Cas system, CRISPR-Cas9 from type II in 

Streptococcus pyogenes is first one that was demonstrated to do targeted DNA cleavage 

in vitro by Jennifer A Doudna and Emmanuelle Charpentier(Jinek et al., 2012), followed 

by Feng Zhang’s first demonstration of a functional CRISPR/Cas system in human and 

mouse cells(Cong et al., 2013). 

 

 

Fig. 1.2 Components of CRISPR-Cas9 system (Adapted from Adrian, et.al. Nature Reviews 

Molecular Cell Biology. 2019). 

 

A typical CRISPR-Cas9 system consists of three elements, a Cas9 nuclease to catalyze the 

cleavage of dsDNA by the RuvC and HNH domains, a CRISPR RNA (crRNA) to direct the 

Cas9 protein to the targeted genetic locus, and a trans-activating crRNA (tracrRNA) that 

base pairs with crRNA to stabilize the Cas9 ribonucleoprotein (RNP)(Jinek et al., 2012). 

Furthermore, the crRNA and tracrRNA can be fused as a single-guide RNA (sgRNA) to 

simplify the system(Ran et al., 2013) (Fig. 1.2). The crRNA contains a 20-nt nuclease 

guide sequences (spacers). The function of CRISPR-Cas9 system relies on a protospacer 

adjacent motif (PAM) of 5’-NGG juxtaposed to the spacer-targeted DNA sequence, 
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which limits the available targeted regions of CRISPR-Cas9. To increase the usable 

targeted sequences, several Cas9 variants are engineered with different PAM 

requirements, including 5’-GAA, 5’-GAT and 5’-NG(Hu et al., 2018). 

 

Except for the well characterized CRISPR-Cas9 system, a lot of efforts have been made 

to develop other Cas9 orthologues with various benefits. A class 2 type V CRISPR-Cas 

endonuclease from Francisella novicida U112 termed Cas12a (previously known as Cpf1) 

is reported to generate DSBs with a 4 to 5 nt overhangs rather than the blunt ends 

generated by Cas9(Zetsche et al., 2016). Cas12a utilizes a T-rich PAM sequence 

upstream of the targeted site, and a wide collection of PAM sequences has been 

identified for engineered Cas12a variants, including 5ʹ-TTTV, 5ʹ-TATV, 5ʹ-VTTV, and 5ʹ-

TTTT(Gao et al., 2017; Kleinstiver et al., 2019). Recently, a prime editing method is 

developed using a catalytically impaired Cas9 endonuclease (nickase) fused with a 

reverse transcriptase(Anzalone et al., 2019). Prime editing will not generate dsDNA 

break and its template induced editing does not require exogenous donor DNA. It shows 

comparable gene editing efficiency as the normal CRISPR-Cas9 system, while producing 

much lower off-target effects(Anzalone et al., 2019). 

 

1.2.2 DNA repair pathways upon CRISPR-Cas9 gene editing 

CRISPR-Cas9 can generate DSBs in the targeted locus, which will trigger cellular DNA 

damage repair pathways. Desired genomic alterations are achieved by utilizing specific 

repair processes. Non-homologous end joining (NHEJ), homology-directed repair (HDR) 
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and microhomology-mediated end-joining (MMEJ) have been well characterized in 

response to Cas9 induced dsDNA break. 

 

 

Fig. 1.3 DSB repair pathways (Adapted from https://biophysique.mnhn.fr/site/GE2R). 

NHEJ, MMEJ and HDR (HR) are the three major repair pathways in response to Cas9-

induced DSBs. 

 

Following Cas9 cleavage in the cell, the nuclease is released from DNA strand in a few 

minutes, resulting in two separated DNA ends(Knight et al., 2015). NHEJ is the default 

DNA damage repair pathway in human cells. Despite its error-prone outcomes, NHEJ 

can rapidly re-ligate DSBs in as short as 30 mins and it is active throughout the whole 

cell cycle except for mitosis(Mao et al., 2008). Ku70 and Ku80 are two key proteins that 

function in NHEJ to bind and protect the exposed DNA ends by forming the Ku70–Ku80 

complex (Ku). Ku further recruits DNA-dependent protein kinase catalytic subunit (DNA-
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PKcs) and XLF-XRCC4 to provide a stable structural scaffold for the ligation of DSBs by 

DNA ligase IV (LigIV)(Bryans et al., 1999; Mari et al., 2006). LigIV effectively works on 

blunt ends. When the exposed DNA ends are sticky, cellular nucleases such as Artemis 

can digest the extra ssDNA stretch to make it ligatable for LigIV(Chang et al., 2015), thus 

leading to erroneous repair outcomes. 

 

When a donor DNA exists upon Cas9 cleavage, cells can utilize the HDR pathway to 

perform templated repair and generate the desired editing outcome. HDR is cell cycle 

dependent, and considerably more complex than NHEJ(Mao et al., 2008). So far, several 

HDR pathways have been reported to function in mammalian cells, including canonical 

HR(Liang et al., 1998; Ranjha et al., 2018), break-induced replication (BIR)(Verma and 

Greenberg, 2016), synthesis-dependent strand annealing (SDSA)(Nassif et al., 1994) and 

single-strand annealing (SSA)(Mortensen et al., 1996). Based on the donor DNA types 

(ssDNA or dsDNA), cell may choose different HDR pathways. In general, this templated 

repair process involves the resection of exposed DNA ends by exonuclease 1 (EXO1) or 

Dna2 nuclease-helicase (DNA2), followed by the hybridization of resected DNA strands 

and donor templates to repair the damage(Shibata et al., 2014). Replication protein A 

(RPA) participates in HDR to stabilize the resected ssDNA overhang during the long 

repair process that may take more than seven hours(Chen and Wold, 2014). RAD51 (also 

known as FANCR) mediates the recruitment of homologous recombination (HR) 

templates(Renkawitz et al., 2013). A recent study shows that Fanconi anemia (FA) 

pathway is also involved in HDR pathways, loss of FA function significantly reduces the 
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templated repair outcomes upon Cas9-induced DSB in human cells(Richardson et al., 

2018). 

 

MMEJ is a DNA repair pathway that was recently revealed to act in the CRISPR-Cas9 

gene editing process. The repair process of MMEJ is similar to NHEJ, which is not 

dependent on template DNA. The initiation of MMEJ requires DSB end resection to 

reveal ssDNA microhomologies. The exposed DNA end is combined by the MRE11-

RAD50-NBS1 (MRN) complex, upon stimulation by its co-factor CtIP, the 3ʹ-to-5ʹ 

exonuclease MRE11 resects dsDNA to generate 3’ ssDNA overhang(Truong et al., 2013). 

Typically, 5-25 nt microhomologies are needed for MMEJ to ensure the efficient 

annealing of two strands, any extra DNA flaps are digested by the ERCC1-XPF 

endonuclease. In the end, the hybridization of DNA microhomologies is stabilized and 

gap-filled by the DNA polymerase θ, and sealed by LigI or LigIII(Kent et al., 2015; Liang et 

al., 2008). PARP1 is necessary in MMEJ to prevent the Ku binding of NHEJ, and recruit 

MRE11 and DNA polymerase θ(Mateos-Gomez et al., 2015; Wang et al., 2006). 

 

1.2.3 Unintended on-target effects of CRISPR-Cas9 gene editing 

It is well documented that CRISPR-Cas9 gene editing can introduce off-target 

mutagenesis due to the mismatch of gRNA(Zhang et al., 2015). However, recent works 

on mouse and human germ cells bring to the attention that Cas9-based gene editing can 

generate unintended on-target effects, which has ramifications for the application of 

this technique. 
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Previously, it is thought that the majority of on-target DNA repair outcomes induced by 

Cas9 are short insertions and deletions (indels) less than 20 bp(Yusa, 2015). However, a 

study of Cas9 editing on the PigA and CD9 loci in mouse embryonic stem cells identified 

significant on-target large structural variants, including deletions and complex genomic 

rearrangements up to 1.5 kb(Kosicki et al., 2018). A similar phenomenon was observed 

from CRISPR-Cas9 edited mouse zygotes, of which 57 out of 127 zygotes contained 

considerable large deletions (more than 100 bp) and the largest detected deletion was 

2.3 kb(Adikusuma et al., 2018). Further study showed that MMEJ is responsible for 

those unintended large deletions induced by Cas9 in mouse cells(Owens et al., 2019). 

 

So far, all of the reported studies of Cas9 on-target large variants were performed in 

mouse cells. It is unclear if this phenomenon also happens in human embryonic stem 

cells with identical characteristics. Additionally, those studies were done by PCR 

amplicon sequencing, which can lead to an inaccurate estimation of the unintended on-

target effects due to PCR bias. To solve those issues, I present an unbiased and 

quantitative characterization of CRISPR-induced mutagenesis in human cells in this 

dissertation. 

 

1.3 Mitochondrial DNA 

1.3.1 Introduction 
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Mitochondria are semiautonomous organelles existing in most eukaryotic cells. The 

endosymbiont hypothesis and subsequent studies suggested that mitochondria have an 

evolutionary origin from a bacterial ancestor termed α-proteobacterium two billion years 

ago(Lane and Martin, 2010). The proteomics evidence showed that mitochondrion is a 

combination of "old" bacterial and "modern" eukaryotic elements(Gabaldón and 

Huynen, 2004). For instance, the translational components in mitochondrion have a clear 

evolutionary origin from bacteria(Christian and Spremulli, 2012), while its replication and 

transcription apparatuses show a disparate origin in bacteriophage(Friedman and 

Nunnari, 2014). In the long evolutionary process, mitochondrion has dedicated itself to 

be a “powerhouse” for the cell and surrendered most of its genomic materials to the 

nucleus. The circular mitochondrial genome (mtDNA) in modern-day humans is about 16 

kb, tightly packaged as a nucleoid within the mitochondrial matrix (Fig. 1.4). It consists of 

37 genes encoding two mitochondrial ribosome-coding RNAs, 22 transfer RNAs and 13 

vital constituents of the oxidative phosphorylation (OXPHOS) complexes that embed in 

the mitochondrial inner membrane(Taanman, 1999). In addition to producing 

the majority of cellular ATP, increasing evidence showed mitochondria are also key 

components in cellular metabolic and signaling processes such as beta-oxidation of fatty 

acid, iron-sulfur cluster synthesis, calcium signaling, and apoptosis(van der Giezen and 

Tovar, 2005). The multi-function nature of mitochondrion makes it not only a simple 

"energy factory", but also a hub for regulating the growth and development of the cell. 

Therefore, faithful and effective mitochondrial function is indispensable for cells and 

organisms.  
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Fig. 1.4 Mitochondrial organization (adapted from Friedman, J. R. 2014(Friedman and 

Nunnari, 2014)). a, mtDNA in a human fibroblast is packaged within nucleoids (green) 

distributed within tubular mitochondria (red) around the nucleus (blue). Scale bar, 20 

microns. b, A similar distribution is seen in a yeast cell with nucleoids (green) within 

mitochondria (red). Scale bar, 2 microns.  

 

1.3.2 mtDNA and its mutation 

In mammals, different types of cells have distinct copy numbers of mitochondria, and a 

single mitochondrion can contain several copies of mtDNA. This results in a variable 

number of mtDNA per cell in human, ranging from as much as ~77,000 in oocytes to as 

few as 171 in lung cells(D'Erchia et al., 2015; Duran et al., 2009). The mtDNA is maintained 

(replication and repair) by DNA polymerase γ (pol γ). This polymerase is encoded by a 

nuclear gene termed POLG and it is the sole one known to function in mitochondria out 

of 16 cellular DNA polymerases in humans(Bebenek and Kunkel, 2004). Mitochondria 

have frequent DNA replication to maintain the normal function in cells. Errors introduced 

during mtDNA replication and inefficient damage repair processes lead to a significantly 

higher mutation rate (about 24-fold in humans) in mtDNA than that in nuclear 

DNA(Kauppila et al., 2017b; Lynch et al., 2006). Inherent mitochondrial mutations have 
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been reported to cause a series of metabolic diseases, such as Leber's hereditary optic 

neuropathy (LHON), myoclonus epilepsy and ragged-red fibers (MERRF), and 

mitochondrial encephalomyopathy, lactic acidosis and stroke-like episodes 

(MELAS)(Schon et al., 2012). Furthermore, the mutation rate of mtDNA increases with age 

both in mice and in humans(Cortopassi and Arnheim, 1990; Pikó et al., 1988). To date, 

both single nucleotide mutations and structural rearrangements have been identified in 

mitochondria. An increasing number of studies have proved that the integrity of mtDNA 

has a crucial impact on human health, disease, and aging(Stewart and Chinnery, 2015). In 

consequence, it is important to have a better understanding of different aspects of 

mtDNA mutations and characterize their correlation to human disease and aging. 

 

1.3.3 Heteroplasmy of mtDNA mutation  

Since there are hundreds to thousands of mitochondria per cell and they form a 

connected network to function, mutations in a single mtDNA may not lead to an abnormal 

phenotype. Indeed, the polyploid property of mtDNA often results in the coexistence of 

wild-type and mutational mtDNA in a single cell or a population of cells(Chinnery and 

Hudson, 2013), which is a phenomenon termed heteroplasmy (Fig. 1.5). Mutations of 

mtDNA exhibit a highly uneven distribution among different tissues, cell types, and even 

individual cells. This is partially due to that mtDNA replication is independent of cell 

division. The rate of mtDNA replication varies in cells and mtDNA is randomly selected for 

the replication(Friedman and Nunnari, 2014). For a particular mtDNA molecule, it could 

be replicated to many copies or not at all in one cell cycle. This mode of replication will 
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cause a mutant mtDNA molecule clonally expend within tissues or lost after cell divides, 

and leads to a diverse mutation load among different cells and tissues. It is well studied 

that the mutational burden of mtDNA has to surpass a threshold to reveal a phenotype. 

This threshold varies for different mutations and cell types. For example, an 80-90% 

mutation is generally needed for single nucleotide change related mitochondrial 

diseases(White et al., 1999). A mutation load lower than 18% is believed not to cause 

disease phenotypes(Hellebrekers et al., 2012).  

 

 

Fig. 1.5 Homoplasmy and heteroplasmy of mtDNA. Healthy cells can contain a small 

proportion of mutated mtDNA. When the proportion exceeds a threshold, disease-

related phenotype will show up. 

 

It is documented that heteroplasmic mtDNA mutations normally exist in low frequencies 

in the cell population, while becoming pathogenic when present above the 
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heteroplasmic threshold(Elliott et al., 2008; Schon et al., 2012). Inherited mtDNA 

mutations are passed down via the female germline. During oogenesis a reduction of 

mtDNA content happens before the generation of mature oocytes followed by a rapid 

mtDNA replication, which is a phenotype called the genetic bottleneck(Zhang et al., 

2018). This process results in a random shift of mutational heteroplasmy levels between 

primordial germ cells and mature oocytes, and between oocytes(Kim et al., 2019; 

Rebolledo-Jaramillo et al., 2014; Zaidi et al., 2019). mtDNA mutations have also been 

found in biopsies of healthy elderly individuals(Brierley et al., 1998; Corral-Debrinski et 

al., 1992; Cortopassi and Arnheim, 1990), thousands of which have been linked to late-

onset diseases such as cancers and Parkinson’s disease(Ghezzi et al., 2005; Hudson et 

al., 2013; Stewart and Chinnery, 2015). Despite these clear evidence of the importance 

of mtDNA mutations in human health, fundamental understanding of the quantitative 

genetics of heteroplasmic mutations in oocytes and the origins (pre-existing rare 

germline vs. de novo somatic) and dynamics of heteroplasmic mutations in complex 

diseases remain scarce(Li et al., 2015).  

 

1.3.4 Effects of mtDNA mutation  

Mitochondrial dysfunction has been linked with aging for a long time. Early studies 

speculated that aging stems from the accumulation of reactive oxygen species (ROS) 

introduced by mitochondrial mutations and the alteration of mtDNA contribute to the 

aging process(Harman, 1972; Linnane et al., 1992). Recent work by high-through 

sequencing method demonstrated that point mutations and deletions are the two most 
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common types of mutations in mtDNA. In contrast to the monoclonal expansion of a 

single type of mtDNA mutations in mitochondrial syndromes, the aging-associated 

mutations tend to be associated with polyclonal expansions of mutant mtDNA(Park and 

Larsson, 2011). Since mutations mainly originate from spontaneous errors during mtDNA 

replication or damage repair, it results in low levels of various types of mtDNA mutations. 

Various point mutations within the whole mtDNA have been found to dramatically 

increase with age in the human brain, heart, skeletal muscles and liver tissues(Srivastava, 

2017). Except for several point mutations commonly found in humans (e.g., m.3243A>G, 

m.8344A>G, m.8993T>C/G), the majority of mtDNA point mutations in aged tissues are 

highly unpredictable(Sallevelt et al., 2017). The frequency of deletions and insertions of 

mtDNA has also been shown to significantly increase with time in mice and 

humans(Cortopassi and Arnheim, 1990; Pikó et al., 1988). Mitochondrial DNA deletion 

mutations were reported to accumulate intracellularly to detrimental levels (>90% of the 

total mtDNA) by clonal expansion in aged human skeletal muscle fibers(Bua et al., 2006). 

Accumulation of the mtDNA4977 deletion (a common 4799 bp deletion found in patients 

with mitochondrial myopathies) was also shown to occur in aged humans (from 39 to 82 

years old) in different brain regions(Soong et al., 1992).  

 

The strongest evidence to date showed mtDNA mutations contribute to aging comes from 

the study of the POLG mutant mice (mutator). The homogeneous PolgAD257A mutation in 

the mouse genome leads to a defect in the proofreading function of the pol γ while 

sparing its polymerase function. This results in a threefold to fivefold higher mutation rate 
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in the mutator mouse than the wild type, and eventually gives rise to an accelerated 

accumulation of mutated mtDNA with time. The mouse harboring this homozygous 

mutation shows a series of premature aging phenotypes, including reduced lifespan, 

weight loss, hair loss, osteoporosis, and low fertility(Trifunovic et al., 2004). In addition, 

the accelerated mtDNA mutations by the PolgAD257A change cause a blockage in HSC 

differentiation, result in distinct differentiation blocks and/or disappearance of 

downstream progenitors, which is relevant to HSC aging(Norddahl et al., 2011). 

Interestingly, the aging-associated accumulation of somatic mtDNA mutations is not 

observed in wild-type mice(Ma et al., 2018). Currently, it is not clear if this observation is 

due to technical limitations of mtDNA mutation analysis in identifying low heteroplasmy 

mutations. 

 

To date, there is still no clear conclusion regarding the causality of mtDNA mutations and 

aging. The controversy mainly comes from the suspicion in whether the mutation rate of 

mtDNA is significant enough to cause a global aging process(Khrapko and Vijg, 2009). The 

mtDNA mutation load in those mutant mice is more than an order of magnitude higher 

than that in aging humans(Khrapko et al., 2006). The fraction of mutant mtDNA rarely 

exceeds 1% with age in normal human adults, which is well below the phenotypic 

expression threshold(Srivastava, 2017). But the current mtDNA mutation load is 

determined by high-throughput sequencing of bulk cells using a short-read technology, 

which could be less sensitive and cause misleading results. Further studies are needed to 

provide a more accurate mtDNA mutation load in mice and humans, and clarify whether 
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the relatively low mtDNA mutation frequency reported in normal aged tissues is relevant 

for mouse and human aging. 

 

1.3.5 limitation of current mtDNA study 

The heteroplasmy nature of mtDNA makes it challenging to study the mitochondrial 

genome using the current population-based NGS method. The prevalent strategy of 

mtDNA sequencing is to do a PCR-based ultra-deep sequencing with coverage more than 

2000X. Although this kind of work has given us a new insight that at least one of two 

hundreds of healthy humans harbor a common mutation in the mitochondrial 

genome(Elliott et al., 2008), the sensitivity of the-state-of-the-art method is still limited 

and unable to satisfy the analysis of mtDNA mutations in different contexts. The current 

mtDNA enrichment is achieved by regular PCR of several mtDNA fragments, which could 

introduce the unintended amplification of nuclear mitochondrial DNA sequences 

(NUMTs)(Payne et al., 2015). Besides, sequencing by Illumina platform generates 

relatively short reads, which are not optimal for detecting and haplotyping rare mutations 

and calling structural variants(Lou et al., 2013). In addition, the amplification in the 

mtDNA enrichment and the PCR-based library preparation steps will introduce a 

nonnegligible number of errors. These errors combined with the 0.1-1% of typical intrinsic 

sequencing error will make it even harder to find rare mutations, especially in a complex 

genetic background like human genome. Lastly, the aging-associated mitochondria 

mutation load usually is very low at tissue level but high in individual cells. A population-

based analysis of mitochondrial mutations is inefficient in this circumstance.  
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Various levels of heteroplasmic mtDNA mutations have been reported in healthy human 

primordial germ cells and oocytes by short-read deep amplicon sequencing based 

methods(Floros et al., 2018b; Jacobs et al., 2007). However, those studies are limited 

and biased due to the available sequencing methods. The reported heteroplasmic levels 

of variants are calculated from variant allele frequency (VAF) of amplicon sequencing of 

mixed mtDNA pool, thus can be less accurate due to PCR bias(Santibanez-Koref et al., 

2019). More importantly, all of the mtDNA studies cannot survey the heteroplasmy of 

rare mtDNA mutations below 1% due to the high background error rate of NGS in short 

amplicon PCR(Payne et al., 2015; Rebolledo-Jaramillo et al., 2014; Yuan et al., 2020), 

thus leaving a puzzle in the field. 

 

Comprehensively decoding genomic alterations at individual mtDNA level in a single cell 

is still out of reach of current methodologies. Although single-mitochondrion sequencing 

has been achieved by isolating single mitochondria in a single cell and subsequently 

amplifying it to three fragments(Morris et al., 2017b), but sequencing only one of the 

thousands of mtDNA within one cell doesn't significantly enhance the interpretation of 

the causality of mtDNA mutations and related phenotypes. Therefore, in this dissertation 

I present a method to address the aforementioned challenges by labeling individual 

mtDNA in single cells with unique molecular identifiers (UMIs), and high-throughput 

sequencing the labeled mtDNA using long-read sequencing technologies. This new 

method can facilitate the discovery of potentially pathogenic mtDNA mutations that lie 
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below the current detection limit, enable the study of the relationship between the levels 

of heteroplasmy and cellular phenotype, and contribute to a better understanding of 

mitochondrial mutations. 

 

1.4 SARS-CoV-2 

1.4.1 Introduction 

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a positive-sense RNA 

betacoronavirus. It is the seventh coronavirus known to infect human and leads to the 

coronavirus disease 2019 (COVID-19) pandemic. SARS-CoV-2 is highly contagious and 

pathogenic, causing more than 80 million individual infections as of Dec 26, 2020. The 

first genome of SARS-CoV-2 was released online three days after identification of the 

virus through a collaboration of scientists in China and Australia (GenBank: 

MN908947.3)(Wu, 2020). So far, more than three hundred thousand of SARS-CoV-2 

genomes have been sequenced and collected by GISAID database (www.gisaid.org) from 

all over the world. 

 

The genome of SARS-CoV-2 consists of six functional open reading frames (ORFs), which 

encode four structural proteins: spike (S), envelope (E), membrane (M), and 

nucleocapsid (N); and several replication-related non-structural proteins (NSPs, encoded 

by ORF1a/ORF1b, Fig 1.6)(Hu et al., 2020). The initiation of SARS-CoV-2 infection is 

mediated by the S protein that binds to the host cell surface receptor of angiotensin-

converting enzyme 2 (ACE2)(Alanagreh et al., 2020). This triggers cellular absorption 
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endocytosis to allow SARS-CoV-2 to enter the cell. Within the cell, SARS-CoV-2 releases 

its RNA genome and utilizes the host protein translation pathway to produce replicases 

and structure proteins for viral replication. During the SARS-CoV-2 replication, NSPs 

form a replication-transcription complex (RTC) to synthesize the positive RNA genome. 

Later, the RNA genome is packaged by the N protein and assembled into the virion by 

the E protein and M protein. In the end, the assembled virions are secreted by the host 

cell through exocytosis. 

 

As compared with other pathogenic betacoronaviruses, SARS-CoV-2 shares 79% 

sequence identity with severe acute respiratory syndrome coronavirus (SARS-CoV) and 

50% sequence identity with Middle East respiratory syndrome coronavirus (MERS-

CoV)(Lu et al., 2020). The amino acid sequences of three structural proteins (E, M, N) of 

SARS-CoV-2 are highly analogous with the ones of SARS-CoV, while the S protein 

diverges(Lu et al., 2020). The unique structure of SARS-CoV-2 S protein makes it capable 

of transmission in multiple species, including ferrets, dogs, cats and pigs(Shi et al., 

2020). 
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Fig. 1.6 Genome structure of SARS-CoV-2 (Adapted from Lo’ai Alanagre, et.al. 

Pathogens. 2020). The genome of SARS-CoV-2 encodes four structural proteins (S, E, M, 

and N) and several replication-related non-structural proteins (NSPs). 

 

1.4.2 Diagnosis of SARS-CoV-2 

Early diagnosis of SARS-CoV-2 infections is vital to combat the COVID-19 pandemic. To 

date, multiple diagnostic assays have been developed and they fall into two broad 

categories: nucleic acid based test and antibody based test. Antibody based SAR-CoV-2 

detection requires virus-specific IgM and IgG. However, studies showed that the 

production of detectable SAR-CoV-2 IgM and IgG generally starts two weeks after 

infection(Caruana et al., 2020; Suhandynata et al., 2020; Zhao et al., 2020). It limits the 

ability of antibody based test in early SARS-CoV-2 detection. 
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Currently, nucleic acid based test is the gold standard of SARS-CoV-2 diagnosis. Real-

time reverse transcription polymerase chain reaction (rRT-PCR) is the most widely 

performed assay with decent sensitivity and accuracy. The choice of target genes has a 

significant impact on the performance of rRT-PCR assays. Early studies showed that 

primers targeting the S gene are specific for detecting SARS-CoV-2, but with limited 

sensitivity(Zhou et al., 2020). The sensitivity of detection is improved when changing the 

targets to the N gene and E gene(Corman et al., 2020). A comparison of four common 

rRT-qPCR oligo sets showed that the N gene based US Center for Disease Control (US 

CDC) assay exists 100% sensitivity for viral RNA load of 100 copies per microliter of 

extracted nucleic acid (equal to 500 copies per reaction)(Vogels et al., 2020). 

 

High-sensitivity enzymatic reporter unlocking (SHERLOCK) assay is an alternative nucleic 

acid based detection method of SARS-CoV-2. SHERLOCK utilizes the RNA-guided RNase 

of CRISPR-Cas13 to specifically bind the target virus sequence and cleave the fluorescent 

reporter(Kellner et al., 2019). The result can be interpreted from the readout of lateral-

flow trips(Patchsung et al., 2020). To improve the sensitivity of detection, targeted 

SARS-CoV-2 sequence is first isothermally amplified by reverse transcription-loop 

mediated isothermal amplification (RT-LAMP) or reverse transcription-recombinase 

polymerase amplification (RT-RPA), followed by T7 transcription. By surveying 154 

clinical samples, SHERLOCK based SARS-CoV-2 detection shows a detection limit of 42 

viral copies per reaction with 100% specificity and sensitivity(Patchsung et al., 2020). 
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1.4.3 Co-infections of SARS-CoV-2 

Early symptoms of most SARS-CoV-2 infections are fever and dry cough, which are 

considerably common for other respiratory viruses. This makes it challenging to 

distinguish SARS-CoV-2 and co-infecting respiratory viruses by clinical features. So far, 

several studies have reported the co-infection of SARS-CoV-2. The analysis of 1217 

clinical samples shows that 20.7% of SARS-CoV-2 positive samples are also positive for 

one or more than one other pathogens in Northern California(Kim et al., 2020). 

Specifically, rhinovirus is identified as the most common SARS-CoV-2 coinfecting virus 

with a rate of 6.9%, followed by respiratory syncytial virus with a rate of 5.2%. No 

significant age difference is observed among the co-infecting individuals(Kim et al., 

2020). Another study in China showed that 39 of 250 (15.6%) SARS-CoV-2 positive 

samples are tested as positive for other respiratory viruses, with C. pneumoniae being 

the most common one (5.2%) followed by respiratory syncytial virus (4.8%)(Ma et al., 

2020). Furthermore, the co-infection rate of SARS-CoV-2 is found to be higher in death 

cases than live cases in northeastern Iran, 22.3% of death cases are identified with 

influenza A co-infection as compared with 19.3% for live cases(Hashemi et al., 2020). It 

suggests that the co-infection of SARS-CoV-2 could potentially increase the severity of 

clinical symptoms. Since current detection of SARS-CoV-2 co-infection requires 

additional rRT-PCR assays(Kim et al., 2020), there is a need for a high-throughput co-

infection detection method to benefit the treatment of patients. 
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1.4.4 limitation of current SARS-CoV-2 detection 

As a single-strand RNA virus, the genome of SARS-CoV-2 frequently acquires mutations 

with an estimated rate of 1.12 × 10−3 mutations per site-year(Koyama et al., 2020). 

These mutations are important to monitor the virus spread and revolution, and validate 

the detection assays and vaccines. However, most of the current SARS-CoV-2 detection 

assays can only provide a positive or negative answer of infection, rather than showing 

any genetic information of the viral genome. To survey the SARS-CoV-2 genome, 

positive samples are subjected to a separate workflow which normally involves whole 

genome amplicon sequencing or targeted sequencing by NGS(Zhang and Holmes, 2020). 

Such experiments require high capital instruments and complex molecular biology 

procedures, thus cannot be routinely performed. To solve these issues, I present an 

isothermal amplification based method to do real-time simultaneous detection and 

mutation surveillance of SARS-CoV-2 and co-infections of multiple respiratory viruses. 
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2.1 Abstract  

Quantifying the genetic heterogeneity of a cell population is essential to understanding 

of biological systems. We develop a universal method to label individual DNA molecules 

for single-base-resolution haplotype-resolved quantitative characterization of diverse 

types of rare variants, with frequency as low as 4x10-5, using both short- or long-read 

sequencing platforms. It provides the first quantitative evidence of persistent nonrandom 

large structural variants following repair of double-strand breaks induced by CRISPR-Cas9 

in human ESCs. 

 

2.2 Keywords  

human embryonic stem cell, CRISPR-Cas9, genome editing, Nanopore sequencing, long-

read sequencing, next-generation sequencing, somatic mutation, structural variant 

 

2.3 Background  

Molecular consensus sequencing has been developed to enhance the accuracy of short-

read next-generation sequencing (NGS) using unique molecular identifier (UMI) (Hiatt et 

al., 2010; Kinde et al., 2011; Salk et al., 2018). The use of UMI combined with 

bioinformatics enables the correction of random errors introduced by sequencing 

chemistry or detection. However, it remains challenging to analyze various types of 

genetic variants, because current methods are inadequate for detecting rare and/or 

complex variants (Fig. S2.1). A case in point is the recent revelation that genome editing 

by CRISPR-Cas9 can lead to large deletions and complex rearrangements in various cell 
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types, including mouse embryonic stem cells (mESCs) (Adikusuma et al., 2018; Kosicki et 

al., 2018). It is unclear if this phenomenon also happens in human ESCs (hESCs) with 

identical characteristics, and, more importantly, an unbiased and quantitative 

characterization of CRISPR-induced mutagenesis is still lacking due to limitation of current 

strategies.  

 

Single molecule sequencing technologies can better resolve complex genetic variants by 

providing long reads (Ho et al., 2020), but they have a lower raw read accuracy (Salk et 

al., 2018). To overcome these limitations, we have developed a strategy termed targeted 

Individual DNA Molecule sequencing (IDMseq). IDMseq guarantees that each original 

DNA molecule is uniquely represented by one UMI group (a set of reads sharing the same 

UMI) after sequencing, thus preventing false UMI groups and allowing quantification of 

allele frequency in the original population (Fig. S2.1 & S2.2a). It is designed to be 

adaptable to various sequencing platforms, and combines error correction by molecular 

consensus with long-read sequencing, thus enabling sensitive detection of all classes of 

genetic variants, including single nucleotide variants (SNVs), indels, large deletions, and 

complex rearrangements.  

 

2.4 Results  

2.4.1 IDMseq can detect rare subclonal variants 

To verify that IDMseq can detect subclonal variants below the sensitivity limit of NGS (~1% 

(Ley et al., 2008; Zagordi et al., 2010)), we constructed synthetic cell populations 
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harboring a mutation at various pre-determined allele frequencies. We knocked in a 

homozygous SNV in the EPOR gene using CRISPR-Cas9 in the H1 hESCs (Fig. S2.3a-c). A 

rare subclonal mutation in a population of cells is simulated by admixing the genome of 

knock-in and wild-type cells at different ratios.  

 

First, we tested if IDMseq could overcome the high base-calling error of Nanopore 

sequencing in rare mutation detection. A 168 bp stretch of DNA encompassing the knock-

in SNV was labeled with UMIs and amplified from a population with the ratio of 1:100 

between knock-in and wild-type alleles. We developed a bioinformatic toolkit called 

Variant Analysis with UMI for Long-read Technology (VAULT) to analyze the sequencing 

data (Fig. S2.2b, see methods). The results showed that 36.5% of reads contained high-

confidence UMI sequences (Table 2.1). Based on a pre-set threshold of a minimum of 5 

reads per UMI group, those reads are binned into 284 UMI groups. It is worth noting that 

every UMI group represents an original allele in the genome of the initial population. 

VAULT analysis showed that 2 UMI groups contained the knock-in SNV (Fig. S2.4a). 

Furthermore, no spurious mutation was detected. Importantly, when the trimmed reads 

were pooled for variant analysis without considering UMIs, no variant could be detected 

by the same algorithms, proving the superior sensitivity afforded by IDMseq. These 

results suggest that IDMseq on the single-molecule Nanopore sequencing platform is able 

to accurately call rare variants without false positives. 
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Detection of rare variants in clinical settings often demands sensitivities well below that 

of prevailing NGS platforms (ca. 10-2). For instance, early cancer detection using 

circulating tumor DNA is estimated to require a sensitivity of at least 1 in 10,000 (Aravanis 

et al., 2017). To simulate this scenario, we next sequenced the same 168 bp region in a 

population with the ratio of 1:10,000 between knock-in and wild-type alleles (Fig. 2.1a). 

It is worth noting that the UMI-labeling reaction contained only around 5 copies of the 

knock-in allele. A 48-hour sequencing run on the MinION acquired 1.1 million reads (Fig. 

S2.4b). VAULT showed that 45.2% of reads contained high-confidence UMI sequences 

(Table 2.1). These reads were binned into 15,598 UMI groups (Fig. S2.4c) of which one 

(0.6x10-4) contained the knock-in SNV (Fig. 2.1b). Ten other SNVs were also identified in 

ten UMI groups. We considered if these were PCR artifacts, as the main source of errors 

in UMI consensus sequencing originates from polymerase replication error in the 

barcoding step (Filges et al., 2019b). The Platinum SuperFi DNA polymerase we used has 

the highest reported fidelity (>300X that of Taq polymerase). It not only significantly 

reduces errors in the barcoding and amplification steps, but also captures twice more 

UMIs in the library than Taq (Filges et al., 2019b). Theoretically, Platinum SuperFi 

polymerase introduces ~6 errors in 106 unique 168-bp molecules in the UMI-labeling step. 

Accordingly, this type of inescapable error is expected to be around 0.09 in 15,598 UMI 

groups, and thus cannot account for the observed SNV events. This lets us to conclude 

that the ten SNVs are rare somatic mutations that reflect the genetic heterogeneity of 

hESCs as described previously (Merkle et al., 2017). These data provided an estimate of 

7.1 somatic SNVs per megabase (Mb), which is consistent with the reported frequency of 



 43 

somatic mutation in coding sequence in normal healthy tissues (Martincorena et al., 

2015a). 

 

The length of the 168-bp amplicon also allowed benchmarking against the industry 

standard Illumina sequencing, which features shorter reads but higher raw-read accuracy. 

We then sequenced the same 1:10,000 mixed population on an Illumina MiniSeq 

sequencer and obtained 7.5 million paired-end reads (Fig. 2.1a and Fig. S2.4b). The results 

showed that 96.6% of reads contained high-confidence UMI sequences that were binned 

into 132,341 UMI groups (Fig. S2.4c), in which 5 (4x10-5) contained the knock-in SNV 

(Table 2.1, Fig. 2.1b). The Illumina sequencing detected 85 somatic SNVs, of which seven 

overlapped with the ten (70%) detected by IDMseq using Nanopore sequencing. These 

overlapping SNVs were identified in multiple UMI groups (between 3 and 11) in Illumina 

sequencing, while the three non-overlapping SNVs were each discovered in one UMI 

group in Nanopore sequencing. Since IDMseq sequences individual original molecules, it 

necessitates that the Illumina and Nanopore experiments sequenced two distinct subsets 

of the original pool of molecules. It is possible that these three SNVs had lower actual 

allele frequencies and happened to be present in the subset of original molecules that 

went into the Nanopore library but not the Illumina one. As with any high-throughput 

sequencing method, the accuracy of allele frequency estimate improves with sequencing 

depth. Because of the high cost of Nanopore sequencing, it was performed at a depth 

that was enough to analyze the knock-in SNV (approximately 1/8 of the depth of the 

Illumina sequencing). However, this sequencing depth might not be enough for the 
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analysis of ultra-rare somatic mutations, so these Nanopore somatic mutation data 

should be interpreted with caution. Nevertheless, the overall calculated somatic SNV load 

in the Illumina sequencing was 7.1 per Mb, which closely matched the Nanopore data 

(Table 2.1). 

 

We next applied IDMseq to a larger region (6,789 bp) encompassing the knock-in SNV in 

a population with 0.1% mutant cells on a PacBio platform (Fig. 2.1a and Fig. S2.4b). VAULT 

showed that 60.0% of high-fidelity long reads contain high-confidence UMIs, binned into 

3,184 groups (Fig. S2.4c). Four UMI groups (1.26x10-3) contained only the knock-in SNV. 

Another 186 groups contained 273 SNVs (174 groups with 1 SNV, 9 groups with 2 SNVs, 

and 3 groups with 27 SNVs, Table 2.1). Again, polymerase error during barcoding (~0.82 

error in 3,184 UMI groups) cannot account for the observed SNVs, suggesting that most 

SNVs are true variants. Interestingly, structural variant (SV) analysis showed that the three 

groups with 27 SNVs shared the same 2,375 bp deletion. Haplotyping using the SNVs 

revealed that the three groups came from two haplotypes (Fig. 2.1c). This large deletion 

is far away from the Cas9 target site and thus less likely the result of genome editing. After 

excluding the SNVs in the large-deletion alleles, the remaining 192 SNVs distributed 

evenly in the region (Fig. 2.1d). Functional annotation of the SNVs showed that 17 of 192 

caused an amino acid change. The spectrum of base changes and distribution of variant 

allele frequency (VAF) are consistent with published work (Martincorena et al., 2015a) 

(Fig. 2.1e, f). These data provide an estimate of about 9.0 somatic SNVs per Mb.  
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Taken together these data showed that IDMseq provides reliable detection of rare 

variants (at least down to 10-4) and accurate estimate of variant frequency (Fig. 2.1g). It is 

useful for characterizing the spectrum of somatic mutations in human pluripotent stem 

cells (hPSCs). Furthermore, it revealed a previously unappreciated phenomenon of 

spontaneous large deletion in hPSCs. Due to its large size and low frequency (VAF≈0.1%), 

this SV would have been missed by short-read sequencing or ensemble long-read 

sequencing. Yet, it is conceivable that such an SV could confer growth advantage to the 

cell carrying it, and therefore has implications for the safety of hPSC in clinical settings. 

These findings clearly demonstrate the power of the combination of long-read 

sequencing and IDMseq in resolving complex genetic heterogeneity.  

 

2.4.2 IDMseq enables quantitative analysis of DNA repair outcomes in Cas9-edited 

hESCs 

Despite its widespread adoption as an efficient and versatile genome-editing tool, the 

impact of the CRISPR-Cas9 system on human genome integrity remains poorly 

understood (Haapaniemi et al., 2018; Ihry et al., 2018; Kosicki et al., 2018). Previous work 

indicated that the most prevalent DNA repair outcomes after Cas9 cutting are small indels 

(typically < 20 bp) (Koike-Yusa et al., 2014; van Overbeek et al., 2016). Unexpectedly, 

recent studies revealed large and complex SVs over several kilobases represent a 

significant portion of the on-target mutagenesis effect of Cas9 (Adikusuma et al., 2018; 

Kosicki et al., 2018). This phenomenon has been reported in a few cell types, including 

mESCs, but it remains to be characterized in hESCs. Importantly, to date, the analysis of 
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large-deletion alleles came either from ensemble amplicon sequencing (Adikusuma et al., 

2018; Kosicki et al., 2018) or whole-genome sequencing (Adikusuma et al., 2018). The 

former is prone to amplification bias, and the latter cannot adequately detect large and 

complex variants due to the limited read length. Thus, we applied IDMseq to wild-type 

(WT) hESCs and hESCs following CRISPR-Cas9 editing, to offer an unbiased quantification 

of the frequency and molecular feature of the DNA repair outcomes of double-strand 

breaks induced by Cas9.  

 

We targeted exon 1 (Pan1) and exon 3 (Pan3) of the Pannexin 1 (PANX1) gene with two 

efficient gRNAs (Fig. 2.2a). Forty-eight hours after electroporation of Cas9 complexed with 

the Pan1 or Pan3 gRNA, H1 hESCs were harvested for IDMseq. WT H1 hESCs cultured in 

parallel were used in the control sequencing. The surveyed region is 7,077 bp for Pan1 

and 6,595 bp for Pan3. A 48h Nanopore sequencing run of Cas9-edited cells yielded 2.8 

million and 3.1 million reads for Pan1 and Pan3, which were binned into 3,479 and 7,281 

UMI groups, respectively (Table 2.1, Fig. S2.5a and b). For the sequencing run of WT cells, 

we obtained 2,810 and 3,867 UMI groups for Pan1 and Pan3, respectively (Table 2.1). 

 

We first surveyed SVs (>30 bp) in UMI groups. No SVs were detected in the sequencing of 

WT cells. For Cas9-edited cells, after SV calling and filtering out lowly supported SVs (see 

methods), 189 (5.4%) of the 3,479 UMI groups contained 191 SVs in Pan1-edited cells, 

including 184 deletions and 7 insertions. The size of SVs ranged from 31 to 5,506 bp (Fig. 

2.2b and c). Intriguingly, some large deletions were independently captured multiple 
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times. For example, 47 (24.9%) UMI groups have the same 5,494-bp deletion and 15 (7.9%) 

UMI groups have the same 4,715-bp deletion. For the insertion variants, 3 of the 7 UMI 

groups shared the same SV (Fig. 2.2c).  

 

When a different gRNA (Pan3) was used, 204 (2.8%) of 7,281 UMI groups contained 211 

SVs (164 deletions, 39 insertions and 8 inversions), with size ranging from 31 to 4,238 bp 

(Fig. S2.6a). Importantly, reoccurring SVs were also detected with Pan3. For example, 

twenty-five (12.3%) UMI groups shared the same 4,238-bp deletion, and 4 (2.0%) groups 

shared a 2,750-bp insertion (Fig. S2.6a). These data provided the first quantitative 

evidence that the repair outcome of Cas9 cutting may not be random and there are likely 

hotspots for Cas9-induced large deletions or insertions.  

 

We next analyzed SNVs in these data sets. WT and Cas9 editing with the Pan1- and Pan3 

gRNAs resulted in similar SNV patterns (Fig. 2.2d, Fig. S2.5g, and S2.7a-b). Specifically, the 

results of Pan1-edited cells showed that 2,709 (77.9%) of 3,479 UMI groups contained 

11,861 SNPs, while for Pan3-edited cells 6,986 (95.9%) of 7,281 UMI groups contained 

23,329 SNVs. In all cases, the SNVs fell into two frequency ranges. Most SNVs in the high-

frequency category (red in Fig. 2.2d, Fig. S2.5g, and S2.7a-b) have been reported in the 

common SNP database. The low-frequency SNVs (green in Fig. 2.2d, Fig. S2.5g, and S2.7a-

b) distributed evenly in the locus and did not overlap with known SNPs, likely representing 

somatic mutations. It is worth noting that the number of presumed somatic SNVs 

increased about 300% after Cas9 editing in both Pan1 and Pan3 regions, and the 
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frequency of somatic SNVs increased from 3.8 to 11.3 and 4.1 to 13.1 per Mb for Pan1 

and Pan3, respectively (Fig. 2.2e). In Cas9-edited cells, there was no obvious enrichment 

of SNVs around the cutting site, which is consistent with previous reports (Wang et al., 

2018). The spectrum (Fig. 2.2f, Fig. S2.6d and S2.7c-d) and VAF (Fig. S2.6b-c and S2.7c-d) 

of single nucleotide substitutions were consistent with published data (Martincorena et 

al., 2015b).  

 

For reasons not immediately clear, Nanopore sequencing of WT cells generated less reads 

than that of Cas9-edited cells despite using twice as many flow cells. To rule out the 

possibility that the observed differences in SNVs and SVs were due to sequence depth 

biases, we matched the sequencing depth of WT and Cas9-edited samples by randomly 

sampling reads in Cas9-edited samples (Table S2.1, Fig. S2.8). The same WT libraries were 

sequenced in two batches (Batch 1 and Batch 2, Table S2.1). For Cas9-edited cells, the 

numbers of subsampled reads were set to match the corresponding raw read numbers of 

WT Batch 1 (the 5th column of Table S2.1), the numbers of reads with UMI of WT Batch 1 

(the 6th column of Table S2.1), or the numbers of reads with UMI of WT Batch 1 + Batch 

2. All of the random subsamplings were performed more than 100 times. The results of 

623 subsampling experiments showed that our original observation of a significant 

increase in the number of somatic SNVs and SVs around the cleavage site after Cas9 

editing remained robust (Table S2.1). The subsampling experiments showed small 

variations in the estimated somatic SNV load per Mb and SV frequency, which might be 

due to the stochasticity of UMI groups with low coverage meeting the stringent quality 
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filter (see methods). The accuracy of allele frequency estimate could be further enhanced 

by sequencing deeper, as with any high-throughput sequencing method, or by improving 

base-calling accuracy of Nanopore sequencing, which would in effect increase the 

number of reads with UMI. Nonetheless, these data from real-world and in silico 

experiments ruled out any artifact due to sequencing depth biases and validated the 

increase of somatic SNVs and SVs near the Cas9 cut site following Cas9 editing.  

 

Besides SNVs and SVs, VAULT also reported many small indels around the Cas9 cleavage 

site. We compared the indels with the Sanger sequencing data of single-cell derived hESC 

clones. The results showed that IDMseq correctly identified a subset of the deletion 

alleles (Fig. S2.5c-f). 

  

2.5 Discussion 

In this study, we developed IDMseq and VAULT to enable quantitation and haplotyping 

of both small and large genetic variants at the subclonal level. They are easy to implement 

and compatible with all current sequencing platforms, including the portable Oxford 

Nanopore MinION sequencer. As compared to another long-read targeted sequencing 

technique named nCATS (Gilpatrick et al., 2020), which is able to survey multiple loci 

simultaneously, IDMseq shows several additional advantages including high capture 

efficiency, low input requirement, and high accuracy (Table S2.2). On the other hand, 

nCATS, being PCR-free method, can detect DNA modifications, which are unfortunately 

lost in the targeted amplification of IDMseq. In this study, we showed evidence of 
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increased somatic SNVs and reoccurring large SVs in Cas9-edited hESCs using two 

independent gRNAs in the same locus. It will be important to apply the methods described 

here to additional loci in future studies to confirm these observations and to obtain a 

more compete landscape of such intrinsic gene-editing features. IDMseq in its current 

form only sequences one strand of the DNA duplex, and its performance may be further 

improved by sequencing both strands of the duplex.  

 

2.6 Conclusions  

IDMseq provides an unbiased single-base-resolution characterization of on-target 

mutagenesis induced by CRISPR-Cas9, which could facilitate the experimental design and 

safe use of the CRISPR technology in the clinic. Our results show that IDMseq is accurate 

in profiling rare somatic mutations, which can aid the study of genetic heterogeneity in 

pluripotent and somatic stem cells and can be further expanded to many other 

applications for quantitative assessments of genomic variations.  

 

2.7 Methods 

2.7.1 Generation of the knock-in hESC line  

The H1 hESC line was purchased from WiCell and cultured in Essential 8TM medium 

(ThermoFisher) on hLaminin521 (ThermoFisher) coated plate in a humidified incubator 

set at 37°C and 5% CO2. Electroporation of CAS9 RNP was done using a Neon Transfection 

System (ThermoFisher) using the following setting: 1600 v/10 ms /3 pulses for 200,000 

cells in Buffer R (Neon Transfection kit) premixed with 50 pmol Cas9 protein 
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(CAT#M0646T, New England Biolabs), 50 pmol single guide RNA (sgRNA) and 30 pmol 

single-stranded oligodeoxynucleotides (ssODN, purchased from Integrated DNA 

Technologies, Inc.) template. After 48 hours, single cells were collected and seeded at 

1,000 single cells per well (6-well format). Seven days later, single colonies were picked 

for passaging and genotyping. The EPOR sgRNA sequence including protospacer adjacent 

motif (PAM) is 5’GCTCCCAGCTCTTGCGTCCA-TGG(PAM)3’, which was synthesized in vitro 

by MEGAshortscriptTM T7 Transcription Kit (ThermoFisher).  

 

2.7.2 CRISPR-Cas9 editing of hESCs 

CRISPR-Cas9 editing of the PANX1 locus in H1 hESCs were performed in the same way as 

the generation of knock-in hESCs except for the omission of the ssODN template. After 48 

hours, cells are collected for the genome extraction and library preparation. The Pan1 

sgRNA sequence is 5’ATCCGAGAACACGTACTCCG-TGG(PAM)3’ and Pan3 sgRNA is 

5’GCTGCGAAACGCCAGAACAG-CGG(PAM)3’. 

 

2.7.3 UMI primer design 

The UMI primer contains a 3’ gene-specific sequence, a UMI sequence, and a 5’ universal 

primer sequence. The 3’ gene-specific sequence is designed with the same principle as 

PCR primers. We chose the sequence with an annealing temperature higher than 65 ˚C to 

improve specificity to the target gene. The internal UMI sequence consists of multiple 

random bases (denoted by Ns). The number of random bases is determined by the 

number of targeted molecules. We chose a short UMI sequence (10-12 nt) to reduce the 
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sequencing errors within the UMI. We adopted a unique sequence structure in the UMI 

(e.g. NNNNTGNNNN) to avoid homopolymers that may introduce errors due to 

polymerase slippage or low accuracy of Nanopore sequencing in these sequences. Several 

studies have also pointed out that both Illumina and PacBio are prone to errors in such 

regions (Minoche et al., 2011; Weirather et al., 2017). The structured UMI design also 

serves as a quality control in the UMI analysis. The 5’ universal primer sequence is used 

to uniformly amplify all UMI tagged DNA molecules. It is designed to avoid non-specific 

priming in the target genome. 

 

2.7.4 UMI labeling 

The primers used in this study are shown in Table S2.3. Genomic DNA is extracted using 

the Qiagen DNeasy Blood & Tissue Kit. The concentration is determined using a Qubit 4 

Fluorometer (ThermoFisher). The UMI labeling step is done by one round of primer 

extension with a high-fidelity DNA polymerase. The reaction setup is similar to a standard 

PCR reaction, but with only one UMI primer. The UMI labeling reaction is set up as follows: 

50 ng DNA, 1 µM UMI primer, 12.5 µl 2X Platinum™ SuperFi™ PCR Master Mix, and H2O 

in a total volume of 25 µl. The UMI labeling is performed on a thermocycler with a ramp 

rate of 1˚C per second using the following program: 98 ˚C 1 min, 70 ˚C 5 s, 69 ˚C 5 s, 68 ˚C 

5 s, 67 ˚C 5 s, 66 ˚C 5 s, 65 ˚C 5 s, 72 ˚C (5 min for the 7 kb targets, 10 s for the 168 bp 

target), 4 ˚C hold. After UMI labeling DNA is purified by AMPure XP beads, followed by 

PCR amplification using the universal primer and the gene-specific reverse primer. This 

amplification will generate enough UMI-labeled DNA for downstream sequencing. In 
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addition to one-ended labeling, two-ended UMI labeling can also be achieved by 

performing an additional UMI-labeling step with a reverse primer tagged with a UMI (Fig. 

S2.2a). Two-ended UMI labeling could increase analyzable reads and provides extra 

benefit in accuracy. However, we found that due to the fact that UMI labeling is limited 

by primer efficiency, one-ended labeling will cover more molecules. Additional UMI-

labeling and purification steps result in higher loss of DNA of interest. Since the procedure 

of one-ended labeling is simple and efficient, we used one-end UMI labeling for all 

experiments in this study. 

 

2.7.5 Library preparation and sequencing 

For Nanopore sequencing, library preparations were done using the ligation sequencing 

kit (Cat# SQK-LSK109, Oxford Nanopore Technologies). The sequencing runs were 

performed on an Oxford Nanopore MinION sequencer using R9.4.1 flow cells. Base calling 

of Nanopore reads was done using the official tool termed Guppy (v3.2.1). For PacBio 

sequencing, library preparations were done using the Sequel Sequencing Kit 3.0. The 

sequencing runs were performed by the BIOPIC core facility at Peking university (Beijing, 

China) on a PacBio Sequel using Sequel SMRT Cell 1M v3. HiFi Reads were generated by 

the official tool termed ccs (v3.4.1). All procedures were preformed according to 

manufacturer’s protocols. For Illumina sequencing, library preparations were performed 

using the NEBNext Ultra II DNA Library Prep Kit for Illumina. An unrelated RNA library 

prepared using the same kit was pooled to increase the complexity of final library. The 

sequencing of paired-end 150bp reads was done on an Illumina Miniseq.  
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2.7.6 Data processing  

VAULT was developed for data analysis and can be accessed freely at GitHub 

(https://github.com/milesjor/VAULT). Most of the codes were written in Python 3.7, 

while some modules were written in Bash. In general, VAULT uses several published 

algorithms for UMI extraction, alignment, and variant calling. By default, it utilizes 

cutadapt (Martin, 2011), minimap2 (Li, 2018), samtools (Li et al., 2009), and sniffles 

(Sedlazeck et al., 2018). The whole analysis can be done with one command. In brief, 

Nanopore reads are trimmed to remove adapter sequences, and then aligned to the 

reference gene for extraction of mappable reads. Cutadapt is used to extract UMI 

sequence, followed by counting of the occurrence of each UMI, which reflects the number 

of reads in each UMI group. If a structured UMI (NNNNTGNNNN) is used in the experiment, 

the program will also check the UMI structure. Next, based on a user-defined threshold 

of minimum reads per UMI group, the program bins reads for eligible UMIs. The grouped 

reads will be subjected to minimap2 for alignment, followed by SNP calling by samtools 

and SV calling by sniffles. After finishing all variant calling, a final data cleanup is 

performed to combine individual variant call files (VCF) together and filter the VCF based 

on variant quality, depth and variant allele frequency. The number of reads in UMI groups 

and the corresponding UMI sequence will be written in the ID field of the VCF. Individual 

folders named by the UMI sequence will be saved to contain the alignment summaries 

and BAM files of every UMI group. VAULT supports both long-read data and single-

end/paired-end short-read data. The data analysis pipeline employs parallel computing 
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for each UMI group, which avoids crosstalk during data analysis and accelerates the 

process. A typical analysis of 2.5 million long reads will take around four hours on a 32-

core workstation. The somatic SNV load is calculated as 

 

number of somatic SNVs / [number of UMI groups × surveyed region length]. 

 

The primer length was excluded in the surveyed region length. For a rare mutation with 

known estimated frequency such as 1:100, we estimated that to observe at least one 

mutant UMI group 90% of the time, the minimal number of UMI group is 229 (p[≧1 

observation]=1-p[0 observation]=1-0.99n, if p[≧1 observation]>90%, then n≧ 229). The 

subsampling of reads was performed using seqtk subsample. The analysis of PANX1-

related sequencing data was done using VAULT with the --group_filter option to remove 

low-confidence UMI groups (details in VAULT manual). The SNV annotation was 

performed using SnpEff (Cingolani et al., 2012) v4.3 with the hg38 database. 
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Table 2.1: Summary of individual sequencing runs in IDMseq. 
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Fig. 2.1 IDMseq for detection of subclonal variants.  

a, Schematic representation of IDMseq. Individual DNA molecules are labeled with 

unique UMIs and amplified for sequencing on appropriate platforms (e.g. Illumina, 

PacBio, and Nanopore). During data analysis, reads are binned by UMIs to correct errors 

introduced during amplification and sequencing. Both SNV and SV calling are included in 

the analysis pipeline.  

b, Examples of Integrative Genomics Viewer (IGV) tracks of UMI groups in which the 

spike-in SNV in the 1:10000 population was identified by IDMseq and VAULT. The knock-

in SNV is indicated by the red triangle in the diagram of the EPOR gene on top, and also 

shown as red “T” base in the alignment map. The gray bars show read coverage. The ten 

colored bars on the left side of the coverage plot represent the UMI sequence for the 

UMI group. Individual Nanopore (top) and Illumina (bottom) reads within the group are 

shown under the coverage plot.  

c, Large SVs detected by IDMseq in the 1:1000 population on the PacBio platform. Three 

UMI groups are shown with the same 2375bp deletion. Group 1 represents one 

haplotype, and Group 2&3 represent a different haplotype. Colored lines represent the 

SNPs detected in each group. Thick blue boxes: exons; thin blue boxes: UTRs. Thin 

vertical red lines in the gene diagram represent PCR primer location.  

d, Distribution of SNVs detected by PacBio sequencing in conjunction with IDMseq and 

VAULT. One of the SNVs was also found in the Nanopore dataset. The spike-in SNV 

(1:1000) is indicated by the red triangle. The table on the right summarizes the 

frequency of SNV-associated records in different annotation categories. The numbers in 
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the table represent annotation records from all transcript isoforms, so the same SNV 

may be recorded more than once.  

e, Frequency distribution of the variant allele fraction of SNVs detected by IDMseq in 

PacBio sequencing of the EPOR locus.  

f, The spectrum of base changes among somatic SNVs. The majority of base changes are 

G to A and C to T.  

g, Comparison between observed VAF and expected VAF in different experiments and 

sequencing platforms. 
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Fig. 2.2 Quantitative analysis of DNA repair outcome of Cas9-induced DNA double-

strand break in hESCs.  

a, Schematic representation of the experimental design. Cas9 RNPs designed to cleave 

the first exon of PANX1 were electroporated to H1 hESCs. IDMseq was used to analyze 

the locus in edited hESCs 48 hours later.  

b, Large SVs detected by IDMseq and VAULT in edited hESCs. Five SV groups were shown 

with deletion length ranging from 419 bp to 5494 bp. The red dotted line represents the 

Cas9 cutting site. The coverage of Nanopore reads is shown on top of each track in gray. 

The colored lines on the left side of the coverage plot represent the UMI for the group. 

Individual Nanopore reads within the group are shown under the coverage plot.  

c, The frequency of deletions or insertions of different size detected in Pan1-edited 

hESCs. Certain deletions and insertions occur at disproportionally high frequencies. For 

example, a 5494 bp deletion was found in 56 UMI groups, which indicates a possible 

hotspot of Cas9-induced large deletion.  

d, Distribution of SNVs detected by IDMseq and VAULT in Pan1-edited hESCs. Somatic 

SNVs are shown in green, while the cell-line specific SNVs are shown in red (using 40 bp 

of bin size in the figure). Somatic SNVs cannot be detected if variant calling is done en 

masse without UMI analysis (see the coverage track). Cell-line specific SNVs are 

detected in ensemble analysis (see colored lines in the coverage track) and most of 

them have been reported as common SNPs in dbSNP-141 database (Common SNPs 

track). The Cas9 cut site is indicated by the red triangle.  
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e, The number of presumed somatic SNVs per Mb (y-axis) in PANX1 WT and Cas9-edited 

cells.  

f, Analysis of somatic mutations detected in Pan1-edited hESCs based on functional 

annotation and base change. The majority of base changes are G to A and C to T. 

 

Supplementary information 

Figs. S2.1-S2.8. Supplementary Figures. Tables S2.1-S2.3. Supplementary Tables. 
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Fig. S2.1 Advantages of IDMseq and VAULT as compared to current methods 

A given population of cells (symbolized by the blue shape) may contain different alleles 

of a target locus, which accounts for a small proportion of the pool of genomic DNA. The 

first step of targeted molecular consensus sequencing is labeling of the variant alleles 

with UMI. Ligation-based and PCR-directed UMI labeling are two of the most widely 

used methods. Ligation-based UMI labeling will label irrelevant regions and the low 

efficiency of ligation will also omit a proportion of target alleles (greyed out in the 

middle left panel). PCR-directed UMI labeling is highly efficient but will result in UMI 

clashes (one original molecule labeled with multiple UMIs, leading to false UMI groups, 

middle right panel). IDMseq is the only method with high labeling efficiency and can 

faithfully retain the allele information (variants and frequency). After UMI labeling, the 

DNA with UMIs are amplified for sequencing in appropriated platforms (Illumina, 

Nanopore or PacBio). In the data analysis step, the algorithm needs to identify reads 

with the same UMI and use these to get the consensus sequence of the allele. This step 

is currently done with read-clustering algorithms that work well for fixed-length reads of 

short-read sequencing (e.g. Illumina). However, this strategy could miss reads with 

complex changes such as those uncovered by long-read sequencing, which prevents 

detection of deletions, insertions and complex structural variants (lower left panel). 

VAULT performs a BLAST-like strategy to locate UMI sequence in reads regardless of 

length and structure. VAULT analysis thus preserves the sequence information of all 

types of alleles and their frequency (lower middle and right).  
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Fig. S2.2 Overview of IDMseq and VAULT 

a, Schematic representation of UMI labeling. UMI primers are used to label individual 

DNA molecules with unique UMIs (one molecule is labeled with one UMI). It contains a 

3’ gene-specific sequence, a UMI sequence, and a 5’ universal primer sequence. The 3’ 

gene-specific sequence is selected for its high specificity to the target gene. The middle 

UMI sequence consists of multiple random bases (denoted by Ns). The 5’ universal 

primer sequence is used to uniformly amplify all UMI-tagged DNA molecules. IDMseq is 

different from other UMI-based methods in that barcoding is achieved by a single round 

of primer extension rather than multiple cycles of PCR as commonly practiced(Kinde et al., 

2011; Salk et al., 2018). The forward UMI primers will be removed before amplification by the 

universal primers. For two-ended labeling, an additional round of primer extension with 

reverse UMI primers will be done after removing forward UMI primers. The UMI-labeled 

DNA will be further amplified by universal primers before sequencing. 

b, Pipeline of VAULT analysis. During data per-processing, raw reads were filtered and 

mappable reads were extracted. After that, VAULT applies a BLAST-like strategy to 

locate UMI sequence in reads by searching for the known sequences of the universal 

primer and gene-specific forward primer. After that, VAULT bins reads according to UMI. 

The last steps of VAULT are variant calling for both SNVs and large SVs and report 

generation. 
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Fig. S2.3 Generation of isogenic knock-in hESCs using CRISPR-Cas9 

a, Schematic representation of the experimental design. Cas9 RNP and ssODN were 

electroporated to H1 ESCs to generate homozygous G>A single-base substitution in the 

EPOR gene. 

b, Schematic of the Cas9 target site and the NcoI restriction site. The gel image shows 

restriction enzyme digestion assay used to identify the knock-in hESC clones. Wild-type 

EPOR gene contains a NcoI site and thereby can be digested. The Knock-in allele will lose 

the NcoI site and cannot be digested. 

c, Sanger sequencing results confirming the knock-in SNV. The homozygous SNV is 

indicated by the black arrow. 
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Fig. S2.4 IDMseq for detection of the knock-in SNV 

a, Two examples of Integrative Genomics Viewer (IGV) tracks of UMI groups in which 

the spike-in SNV in the 1:100 population was identified by Nanopore sequencing in 

conjunction with IDMseq and VAULT. The knock-in SNV is indicated by the red triangle in 

the diagram of the EPOR gene on top, and also shown as red “T” base in the alignment 

map. The gray bars show read coverage. The ten colored bars on the left side of the 

coverage plot represent the UMI sequence for the UMI group. Individual Nanopore 

reads within the group are shown under the coverage plot.  

b, Aligned read length vs. percent identity plot using kernel density estimation for 

Nanopore sequencing of the 1:10,000 population, Illumina sequencing of the 1:10,000 

population, PacBio sequencing of the 1:1,000 population. 

c, The read number distribution for UMI groups in Nanopore, Illumina and PacBio 

sequencing runs. The distribution is shown as read number per UMI group vs. UMI 

group count. For each sequencing run, it plots the distribution of all UMI groups and 

variant UMI groups.   
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Fig. S2.5 Analysis of CRISPR-Cas9 on-target mutagenesis  

a, Aligned read length vs. percent identity plot using kernel density estimation of 

Nanopore sequencing data of Pan1 Cas9 editing experiment. 

b, similar to a but for Pan3 Cas9 editing experiment. 

c, Individual alleles from Sanger sequencing of single-cell derived hESC clones after Cas9-

directed mutagenesis in exon 1 of PANX1. Green letters indicate the gRNA sequence and 

the cleavage site is indicated by a dotted line. Red texts indicate insertion or deletion 

events.  

d, similar to c but with the Pan3 sgRNA.  

e, IGV tracks of the UMI groups that shared the same deletion as alleles detected by 

Sanger sequencing of hESC clones (highlighted by a blue box in (c) and matching 

symbols). The red dotted line shows where Cas9 cuts. 

f, similar to e but with the Pan3 sgRNA. 

g, Distribution of SNVs detected by IDMseq and VAULT in Pan3 edited hESCs. Somatic 

SNVs are shown in green, while the cell-line specific SNVs are shown in red. Somatic 

SNVs cannot be detected if variant calling is done en masse without UMI analysis (see 

the coverage track). Cell-line specific SNVs are detected in ensemble analysis (see 

colored lines in the coverage track) and most of them have been reported as common 

SNPs in dbSNP-141 database (Common SNPs track). The Cas9 cut site is indicated by the 

red triangle. 
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Fig. S2.6 Analysis of variants in PANX1 edited hESCs 

a, The frequency of different size deletions, insertions and inversions detected in Pan3-

edited hESCs. Certain deletions and insertions occur at disproportionally high 

frequencies. For example, a 4238 bp deletion was found in 27 UMI groups, which 

indicates a possible hotspot of Cas9-induced large deletion. 

b & c, Frequency distribution of the variant allele fraction of SNVs detected by IDMseq 

in Nanopore sequencing of the PANX1 locus in Pan1-edited hESCs b, and Nanopore 

sequencing of the PANX1 locus in Pan3-edited hESCs c.  

d, Analysis of somatic mutations detected in Pan3-edited hESCs based on functional 

annotation and base change. The majority of base changes are G to A and C to T. 
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Fig. S2.7 Analysis of variants in wild-type H1 hESCs 

a, Distribution of SNVs detected by IDMseq and VAULT in Pan1 control sequencing. 

Somatic SNVs are shown in green, while the cell-line specific SNVs are shown in red. 

Somatic SNVs cannot be detected if variant calling is done en masse without UMI 

analysis (see the coverage track). Cell-line specific SNVs are detected in ensemble 

analysis (see colored lines in the coverage track) and most of them have been reported 

as common SNPs in dbSNP-141 database (Common SNPs track).  

b, similar to a but for Pan3 control sequencing.  

c, Analysis of somatic mutations detected in Pan1 control sequencing based on 

functional annotation, base change and allelic frequency distribution. The majority of 

base changes are G to A and C to T. 

d, similar to c but for Pan3 control sequencing.  
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Fig. S2.8 Subsampling analysis of the sequencing data of Cas9-edited hESCs  

a, Boxplots showing the distribution of somatic SNV numbers (y-axis) detected in 

the >100 subsamplings of the Pan1 edited sample at the subsampling read depth 

indicated on the x-axis. The red dots inside the boxes indicate the mean numbers of 

detected somatic SNVs, and the thick black lines represent the median numbers. 

Potential outliers were shown as black dots outside the boxes. The lower and upper 

boundaries of the box represent the 25th and 75th percentiles, respectively.  

b, Boxplots showing the distribution of SV numbers detected in the >100 subsamplings 

of the Pan1 edited sample at the subsampling read depth indicated on the x-axis. The 

red dots inside the boxes indicate the mean numbers of detected SVs, and the thick 

black lines represent the median numbers. The lower and upper boundaries of the box 

represent the 25th and 75th percentiles, respectively.  

c, similar to a except for Pan3 subsampling analysis.  

d, similar to b except for Pan3 subsampling analysis.  
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Table S2.1 Subsampling analysis of PANX1 sequencing. 

 

The color coding indicates the number of subsampled reads and the number of reads in 
the WT experiment that the subsampling is designed to match.  
 

Table S2.2 IDMseq vs. nCATS. 

 

 

Table S2.3 Primers used in IDMseq. 
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3.1 Abstract 

The ontogeny and dynamics of mtDNA heteroplasmy remain unclear due to limitations 

of current mtDNA sequencing methods. We developed individual Mitochondrial 

Genome sequencing (iMiGseq) of full-length mtDNA for ultra-sensitive variant 

detection, complete haplotyping, and unbiased evaluation of heteroplasmy levels, all at 

the individual mtDNA molecule level. iMiGseq uncovers unappreciated levels of 

heteroplasmic variants in single healthy human oocytes well below the conventional 1% 

detection limit, of which numerous variants are deleterious and associated with late-

onset mitochondrial disease and cancer. iMiGseq revealed extreme levels of mtDNA 

heterogeneity among oocytes of the same mouse female, and a strong selection against 

deleterious mutations in human oocytes. iMiGseq could comprehensively characterize 

and haplotype single-nucleotide and large structural variants of mtDNA and their 

genetic linkage in NARP/Leigh syndrome patient-derived cells. Therefore, iMiGseq could 

not only elucidate the mitochondrial etiology of diseases, but also help diagnose and 

prevent mitochondrial diseases with unprecedented precision. 
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3.2 Introduction 

Mitochondria play vital roles in cellular metabolic and signaling processes. Each human 

mitochondrion contains on average 1.4 copies of a 16.5 kb circular genome(Kukat et al., 

2011)–mtDNA– that is densely packed with 13 genes encoding core subunits of the 

oxidative phosphorylation complexes, 24 RNA genes, and a non-coding control region 

(D-loop region). Mitochondria and hence mtDNA undergo constant turnover even in 

non-dividing cells such as arrested primary oocytes(Rebolledo-Jaramillo et al., 2014; 

Zaidi et al., 2019). The demand for frequent DNA replication and the lack of histonized 

chromatin in mtDNA contribute to a mutation rate that is at least one order of 

magnitude higher than that of the human nuclear genome(Kong et al., 2012; Rebolledo-

Jaramillo et al., 2014; Wallace and Chalkia, 2013). Because mammalian cells typically 

contain 1,000-10,000 copies of mtDNA, mutations arisen in individual mtDNA produce 

an admixture of mutant and wild-type mtDNA (heteroplasmy) within a cell(Stewart and 

Chinnery, 2015). Heteroplasmic mutations inherited from the oocyte can cause inborn 

disorders and are associated with late-onset complex diseases(Wallace and Chalkia, 

2013). 

 

Our understanding of heteroplasmy has been dramatically shaped by available 

technologies, from being perceived as a rare phenomenon in early studies to one that 

affects nearly 1 in 2 individuals(Stewart and Chinnery, 2020; Wei et al., 2019). In recent 

years, deep short-read next-generation sequencing (NGS) based methods have been 

instrumental in revealing the rich diversity of mtDNA. They were used to show that 
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heteroplasmic mutations are present in the general population and are among the most 

common causes of inherited metabolic diseases when present above a heteroplasmy 

threshold(Elliott et al., 2008; Schon et al., 2012). However, conventional NGS-based 

studies of mtDNA are unable to detect rare heteroplasmic variants that exist below 1% 

allele frequency due to the background NGS error rate (0.1~1%) and contamination of 

nuclear mitochondrial DNA-like sequences (NUMTs) in short amplicon PCR(Payne et al., 

2015; Rebolledo-Jaramillo et al., 2014; Yuan et al., 2020). Even though single-

mitochondrion sequencing(Morris et al., 2017b) and duplex mtDNA 

sequencing(Arbeithuber et al., 2020) have been developed with improved sensitivity, 

these methods are limited in throughput or variant detection. Single-mitochondrion 

sequencing can only survey around one mtDNA per cell and is thus impractical for 

studying heteroplasmy. Duplex mtDNA sequencing can only detect single nucleotide 

variants (SNVs) from a mixed mtDNA population. Another challenge of the field is the 

lack of quantitative analysis of the multitude of mitochondrial genomes at the 

individual-molecule level in single cells, which would be required to study the ontogeny, 

heterogeneity, dynamics, and genotype-phenotype relationship of mtDNA mutations. 

Many reported heteroplasmy levels are inferred from sequencing of PCR products 

amplified from a heterogeneous population of mtDNA, and thus can be inaccurate due 

to PCR bias(Santibanez-Koref et al., 2019). As such, the prevalence, nature, and 

significance of these rare heteroplasmic variants remain unclear. 
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Current methods of mtDNA sequencing suffer from two seemingly paradoxical issues–

amalgamation and fragmentation. Most studies of mtDNA genetics are based on short-

read shotgun or amplicon NGS(Duan et al., 2018; Kennedy et al., 2013; Li et al., 2015; 

Payne et al., 2015; Yuan et al., 2020; Zaidi et al., 2019). These techniques average out 

the heterogeneity of mtDNA in two ways. Firstly, mtDNA genotypes of thousands of 

cells are averaged in bulk sequencing, thus masking variants in rare cells and cell-to-cell 

heterogeneity. Secondly, even in single-cell analysis(Ancora et al., 2017; Ludwig et al., 

2019), it was a composite genotype of all mtDNA rather than the true genotypes of 

individual mtDNA that was obtained. Additionally, the phenotypic significance of an 

mtDNA variant is strongly modified by other co-inherited variants(Wallace and Chalkia, 

2013). However, conventional methods cannot provide full haplotypes due to 

fragmentation of mtDNA molecules, which largely prevents the study of linkage 

between heteroplasmy variants.  

 

High-throughput analysis of the whole mutational landscape of single mtDNA molecules 

in single cells is still beyond the reach of current methodologies. To overcome these 

hurdles, we applied a long-read individual molecule sequencing strategy (IDMseq(Bi et 

al., 2020a)), which is several orders of magnitude more sensitive (capable of detecting 

allele frequency as low as 0.004%) than conventional NGS and provides haplotype-

resolved quantitative analysis of variants, to sequence individual complete mtDNA in 

single oocytes. This new technology–individual Mitochondrial Genome sequencing 

(iMiGseq)–labels each mtDNA in single cells with a unique molecular identifier (UMI). 
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UMI-labeled mtDNA are further amplified by high-fidelity long-range PCR and 

sequenced on long-read sequencing platforms to obtain full-length mtDNA, generate 

variant details, and resolve the complete haplotype of individual mtDNA (Fig. 3.1a).  

 

As compared with the low-throughput single-mitochondrion sequencing(Morris et al., 

2017a)that requires manual isolation of single mitochondrion from individual cells, 

iMiGseq uses a simple and fast procedure to directly label individual mtDNA in lysed 

single cells in 30 mins, and thus reduces the loss of mtDNA or cells in multi-step 

mitochondria isolation and eliminates the need for complicated and labor-intensive 

manual dissection of mitochondria(Morris et al., 2017b; Reiner et al., 2010). This allows 

a dramatical increase in throughput from sequencing a few mtDNA per cell to up to tens 

of thousands of mtDNA per cell. Thus, iMiGseq allowed us to address several key open 

questions in the field. It provided true heteroplasmy levels by counting molecules 

directly. It uncovered whole spectrum of pathogenic mtDNA mutations in human 

oocytes that lie below the current 1% detection limit. It showed the first haplotype-

resolved mitochondrial genomes from single human oocytes. It revealed the linkage of 

rare heteroplasmic mutations and allowed the study of the linkage between mtDNA 

mutations. It also provided strong evidence of selection imposed on mtDNA variants 

during human germline transmission. Lastly, we showed that iMiGseq could 

characterized SNVs and structural variants (SVs) of mtDNA in cells of a mitochondrial 

disease patient, thus facilitating diagnosis and prevention of mitochondrial diseases. 
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3.3 Results 

3.3.1 Validating iMiGseq of full-length mtDNA  

The ideal sequencing technology for iMiGseq should offer accurate ultra-long reads 

(~16.5 kb). We have previously showed that the key components of iMiGseq, IDMseq 

and VAULT, have been validated to provide faithful quantitative characterization of 

various types of variants with frequencies as low as 0.004% through error correction by 

the molecular consensus strategy(Bi et al., 2020a). The design of iMiGseq further 

eliminated the influence of NUMT contaminations that perplexed the current NGS-

based analysis of mtDNA variants (see methods).   

 

We tested two state-of-the-art long-read platforms–Oxford Nanopore MinION and 

PacBio Sequel. Conventional mtDNA isolation methods require a large number of input 

cells and lose a significant number of mitochondria, we therefore first developed a 

method for polymerase-directed labeling of mtDNA in lysed cells without complicated 

fractionation steps. After testing different combinations of lysis conditions (e.g., the 

type and concentration of detergents, temperature, lysis time, etc.), polymerases, and 

DNA purification methods, we devised a quick and simple protocol capable of labeling 

mtDNA in single cells (see methods and data not shown). Five HEK 293T cells (~1,500 

copies of mtDNA/cell) were subjected to UMI labeling of full-length mtDNA (Fig. 3.1a, 

Fig. S3.1a & b). Nanopore sequencing generated 81.8k reads mapped to the human 

reference mtDNA with an average alignment identity of 89.9% (Table 3.1, Fig. S3.2a). 
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Using the VAULT pipeline(Bi et al., 2020a), the reads were assigned to 542 UMI groups 

(a set of reads sharing the same UMI), of which 92.6% covered ≥ 95% of the full-length 

mtDNA (position with depth ≥ 3) and the N50 was 16,547 bp (Fig. 3.1b). After further 

filtering based on in-group read consistency, we obtained 426 high-confidence UMI 

groups, of which 390 covered ≥ 95% of the mtDNA, which represented 390 individual 

complete mitochondrial genomes. Variant analysis showed that 426 UMI groups 

contained a total of 8,986 high-confidence SNVs. No SVs were detected.  

 

The variant allele frequency (VAFs) of SNVs (see methods) ranged from 0.23% to 

96.47%, and, surprisingly, the majority of unique SNVs had a VAF below the current 1% 

detection limit (Fig. 3.1c & d). Functional annotation showed that 24.11% of SNVs were 

missense variants and high-frequency SNVs were enriched in the CYTB gene and D-loop 

regions (Fig. 3.1d). The mean SNV load (number of SNVs per genome, calculation in 

methods) among the individual mtDNA was 21.72 (Fig. 3.1e). The mutation spectra 

strongly biased toward transitions (i.e., A>G (T>C) and C>T (G>A)) (Fig. S3.1c), which 

were consistent with previous reports(Ludwig et al., 2019; Ni et al., 2015; Yuan et al., 

2020). The extensive-coverage UMI groups (covering > 95% of the full-length mtDNA 

with depth ≥ 3) supported de novo assembly of 11 full-length mtDNA. All of the 11 

mtDNA were placed into the U5a1 mitochondrial haplogroup by MITOMASTER(Lott et 

al., 2013), which fit the Dutch origin of 293 cells(Lin et al., 2014), thus proving the 

accuracy of the assemblies. 
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Compared to Nanopore sequencing, PacBio circular consensus sequencing (CCS) 

generated 1.5X number of UMI groups from 2X number of reads, but the N50 was 

reduced by more than 2X and no UMI group covered > 95% of the full-length of mtDNA 

(Table 3.1, Fig. 3.1b). There were 637 high-confidence UMI groups containing 9,368 

SNVs with frequencies from 0.16% to 100.00% (Fig. 3.1c). Unlike the Nanopore data that 

supported de novo assembly of full-length mitochondrial genomes, the PacBio data 

resulted in none. All of the PacBio high-frequency SNVs (VAF ≥ 0.6) existed in the 

Nanopore data, and all of them are common SNPs (dbSNP-151), thus cross-validating 

these called variants (Fig. 3.1d). Importantly, the mutational spectra and signatures 

were highly consistent between the PacBio and Nanopore data, and showed no 

evidence of artifactual mutations in homopolymer regions, which were purported to be 

more error-prone in Nanopore sequencing (Fig. 3.4b, Fig. S3.1d). These data suggest the 

variants identified by Nanopore iMiGseq are of high confidence. 

 

We evaluated the extent of false-positive variants due to polymerase replication error in 

the barcoding step (the main source of errors in UMI consensus sequencing(Filges et al., 

2019a)) and determined that this type of error introduced roughly 1 mutation in 1,600 

labeled full-length mtDNA (see methods and shown previously(Bi et al., 2020a)), thus 

representing a miniscule fraction of the SNVs (0.004% in the Nanopore iMiGseq). To 

further validate the ultra-rare variants detected by iMiGseq, we performed digital 

droplet PCR (ddPCR) assays for five SNVs representing a wide range of VAFs (0.24% to 

41.18%) in the Nanopore iMiGseq data. The three rare SNVs with a VAF <1% (detected 
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in one UMI group) were confirmed by ddPCR (Fig. 3.1f). The VAFs obtained by ddPCR 

were comparable to iMiGseq. The two high-frequency SNVs showed consistent VAFs in 

the iMiGseq by Nanopore and PacBio (m.4429G>A, 16.71% in Nanopore and 15.08% in 

PacBio; m.15259C>T, 41.18% in Nanopore and 39.12% in PacBio), and were further 

validated by ddPCR (m.4429G>A, 38.29%; m.15259C>T, 44.46%, Fig. 3.1f). It is worth 

noting that the difference in the VAF of m.4429G>A between iMiGseq and ddPCR is 

potentially due to the different population of cells in the experiments and heterogeneity 

of mtDNA in 293T cells. 

 

Because Nanopore sequencing showed high concordance with PacBio CCS, which 

rivalled Illumina NGS in accuracy(Wenger et al., 2019) (Fig. S3.2a), and PacBio failed to 

generate sufficiently long reads to cover the whole mtDNA, we concluded that 

Nanopore-based iMiGseq could produce highly accurate and complete mtDNA 

sequences.  

 

3.3.2 iMiGseq reveals genetic heterogeneity of mtDNA in single mouse oocytes 

Heteroplasmic mutations have been documented in healthy human oocytes and 

primordial germ cells (Floros et al., 2018b; Jacobs et al., 2007). Experimental data and 

population genetics modeling suggest heteroplasmies arisen in mature oocytes strongly 

influence the inheritance of mtDNA mutations in the offspring(Rebolledo-Jaramillo et 

al., 2014; Zaidi et al., 2019). Yet, many key questions remain unanswered, such as 
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whether the ostensibly somatic mutations found in old individuals originated from low-

level heteroplasmic mutations in the oocyte or arose de novo. Also, many conclusions 

are based on imputation of data from bulk sequencing somatic cells rather than actual 

measurements in single oocytes. We hypothesized that iMiGseq could help address 

these questions by providing a quantitative understanding of the genetics of mtDNA in 

single oocytes.    

 

We thus applied iMiGseq to single oocytes of the NOD-scid IL2Rgammanull (NSG) and 

C57BL/6 (B6) mouse strains. Each oocyte was subjected to the same iMiGseq protocol 

and sequenced using one MinION flow cell. The three NSG oocytes generated 1.09, 0.96 

and 1.99 million reads, which led to 4,078, 1,165 and 19,697 high-confidence UMI 

groups, respectively (Table 3.1, Fig. S3.2b). VAULT analysis based on the NSG mouse 

reference genome (GenBank: CM004185.1) identified 182, 134 and 237 SNVs from 

oocytes NSG_1, NSG_2 and NSG_3, respectively. No large SV was detected. The results 

showed that the vast majority of the mtDNA (based on extensive-coverage UMI groups) 

in the three NSG oocytes contained no variant, which fit the expectation of a 

homogenous female germline resulted from extensive backcrosses to an inbred strain 

(Table 3.1, Fig. S3.2a). Most SNVs had a nominal heteroplasmy level (NHL, no. of UMI 

groups with SNV/no. of UMI groups with ≥ 3 coverage in the SNV position) less than 1%, 

which is incidentally the detection limit of most published studies(Duan et al., 2018; 

Payne et al., 2015; Rebolledo-Jaramillo et al., 2014; Yuan et al., 2020) (Fig. 3.2b, Fig. 
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S3.3a). It is worth noting that the NHL of the rarest SNVs (e.g., appear in one UMI group) 

tends to be more affected by the sequencing depth and may not be accurate. The three 

oocytes shared a very small fraction of the SNVs despite being from the same female 

(Fig. 3.2c), and the shared SNVs tended to have high maximum occurrence times 

(number of UMI groups with the same SNV). For example, the m.1442A>G, m.5421G>A, 

and m.14027C>A variants, shared by all three oocytes, had an occurrence time of 40, 30, 

and 66, respectively, as opposed to the median of 1 for all variants. These observations 

were consistent with an independent germline bottleneck in oocyte lineages(Zaidi et al., 

2019).  

 

Functional annotation showed that deleterious SNVs (missense and stop-gained 

variants) affecting amino acid sequence were prevalent among heteroplasmic SNVs and 

accounted for 64.13 %, 17.17 %, and 51.06 % of SNVs discovered in NSG_1, NSG_2 and 

NSG_3, respectively (Fig. 3.2d, Fig. S3.3b).  

 

Similarly, we obtained individual mtDNA sequences and SNVs from three oocytes from 

one female of the B6 strain (Table 3.1, Fig. 3.2b, Fig. S3.2c & S3.4a). Again, SV was not 

observed. As seen in the NSG data, only 5 (5.88%) SNVs were shared among the B6 

oocytes (Fig. 3.2c). The majority of mtDNA in the three oocytes contained three high-

frequency SNVs (NHL 42.80% to 72.82%, Fig. 3.2a), of which m.9027G>A caused a 

glycine to serine mutation in codon 141 of the COX3 gene, while m.4891T>C and 
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m.9461T>C were synonymous. The three SNVs were reported previously(Kauppila et al., 

2018). Like in NSG oocytes, deleterious SNVs in protein-coding sequences were 

prevalent among heteroplasmic SNVs in wild-type B6 oocytes (Fig. 3.2d, Fig. S3.4b). 

Most low-frequency SNVs existed in solo UMI groups, however, several reoccurred in 

multiple UMI groups and/or oocytes, such as m.14027C>A (p.Gly15Val, in B6_1), 

m.10102G>A (p.Ala76Thr, in all oocytes), and m.5421G>A (p.Ala32Thr, in all oocytes).  

 

The NSG and B6 reference mtDNA differ in the position m.9348 (B6/NSG:G/A), which 

served as the ground truth for estimating false discovery rate (FDR) of iMiGseq. Despite 

deep coverage (e.g., 10,876X) of UMI groups, this position showed zero non-reference 

SNV in either mouse strain, giving a conservative FDR estimate of < 9.2 X 10-5. We 

further took advantage of these variants to construct in silico ground-truth 

heteroplasmies by mixing various numbers of reads subsampled from NSG_2 with all 

reads of B6_2. iMiGseq accurately determined the heteroplasmy levels in iterated sub-

samplings (71-105 times) even when the number of reads was limited (Fig. S3.3e). These 

data were consistent with our previous data of IDMseq(Bi et al., 2020a) and showed 

that our methods provide accurate quantitation of the heteroplasmy levels that are 

reported in published mtDNA studies.   

 

iMiGseq allowed us to compare the frequencies of variants shared by oocytes of the 

same mouse. We surveyed high frequency SNVs (> 1% NHL) in NSG oocytes and 
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observed a significant difference in the frequency of the same variant (Fig. 3.2e). Two 

SNVs, m.606T>C and m.9941T>C (detrimental, p.Phe22Ser), showed ultra-low 

frequencies (< 0.1% NHL) in two oocytes but a drastically higher frequency in the third 

oocyte (Fig. 3.2e). These results suggested that ultra-rare detrimental variants could 

under some circumstances accumulate to frequencies above 1% during oogenesis, 

which supports the need for unbiased studies on these variants using ultra-sensitive 

methods such as iMiGseq.  

 

The T>C (A>G) and G>A (C>T) transitions were predominant in all six mouse oocytes, 

consistent with known mtDNA-specific replication-coupled mutational signatures(Ju et 

al., 2014; Kennedy et al., 2013; Yuan et al., 2020)  (Fig. S3.3c, S3.4c & d). It is worth 

noting that the mutation spectrum of the SNVs with NHL< 1% was more diverse and 

could be influenced by one prevailing SNV (e.g., 14027C>A in NSG_1&3). The SNVs from 

extensive-coverage mtDNA were clustered in a heatmap to show haplotypes and linkage 

between heteroplasmic mutations (Fig. S3.3d & S3.4e). Several phylogenetic trees were 

constructed based on haplotypes of individual mtDNA and showed evidence of 

sequential acquisition of ultra-rare SNVs (< 1% NHL), suggesting an accumulation of de 

novo mutations in individual mtDNA (Fig. 3.2f, Fig. S3.3d). Together, the above findings 

revealed unappreciated levels of genetic heterogeneity of mtDNA in mouse oocytes and 

a surprisingly widespread presence of low-level deleterious variants due to mtDNA 

polymerase error. These haplotype-resolved variants supported an independent 

germline mtDNA bottleneck. These findings were only possible due to the analysis of 
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individual mtDNA in single oocyte and would have been underestimated or missed by 

conventional methods. 

 

3.3.3 iMiGseq reveals genetic heterogeneity of mtDNA in single human oocytes  

We next applied iMiGseq to six mature human oocytes, three of which were from three 

independent donors (referred to as hOOs hereafter) while other three were from the 

same female (referred to as SFhOOs). To improve UMI-labeling efficiency in human 

oocytes, we further screened for optimal primer sequences (data not shown). iMiGseq 

of human oocytes captured thousands of mtDNA (Table 3.1, Fig. S3.2d & e). Variant 

analysis identified a significant amount of SNVs (Fig. 3.3a, Fig. S3.5a & b, S3.6a & b). The 

vast majority of SNVs had an NHL below the 1% detection limit of heteroplasmy 

reported in published studies(Duan et al., 2018; Payne et al., 2015; Rebolledo-Jaramillo 

et al., 2014; Yuan et al., 2020) (Fig. 3.3b & c, Fig. S3.6a). In hOOs, low-level 

heteroplasmic SNVs showed marked variations among the three independent donors, 

while the high-frequency SNVs (NHL ≥ 1%) tended to highlight their shared genetic 

heritage (Fig. 3.3d). The 11 SNVs shared by all three hOOs separate the L3 haplogroup 

from its ancestral L0 haplogroup. Interestingly, these SNVs are retained in Asian 

haplogroups M and F (a daughter group of N) but not in the European haplogroup H, 

which is consistent with the east Asian origin of the donors(Lott et al., 2013; Underhill 

and Kivisild, 2007) (Fig. S3.7). Note that haplogroup typing by iMiGseq is done in the 

context of full-length individual mtDNA in one assay as opposed to multiple genotyping 

assays as used currently. The three SFhOOs shared a large proportion (93.5%) of high-
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frequency SNVs, which is consistent with the same origin of samples (Fig. 3.5a). 

However, an unappreciated level of heterogeneity was observed in three SFhOOs by 

analyzing low-frequency SNVs with NHL < 1% (Fig. 3.5a), indicating the individual 

difference between oocytes in the same female. Such difference can be omitted by 

conventional mtDNA sequencing. 

 

Consistent with the observation of dramatic SNV frequency shift in mouse oocytes, we 

found that one SNV (m.309C>T) showed ultra-low frequencies (0.4% in SFhOO_1 and 

0.8% in SFhOO_3) in two oocytes but a drastically higher frequency in the third one 

(3.3% in SFhOO_2). Through the comparison of frequencies of all shared SNVs in 

SFhOOs, we found that high-frequency SNVs showed relatively consistent frequencies 

among oocytes while one of the sixteen low-frequency SNVs (6.3%) exhibited a dramatic 

frequency shift.  

 

We assembled consensus mtDNA sequences for hOOs using reads from extensive-

coverage UMI groups and obtained 125, 81 and 46 full-length mtDNA for hOO_1, 

hOO_2, and hOO_3, respectively. MITOMASTER(Lott et al., 2013) assigned all assembled 

mtDNA of hOO_2 and hOO_3 to the M7c1c2 and F1a1a haplogroups, respectively. For 

hOO_1, 122 assembled mtDNA were assigned to M7b1a1b, while the remaining 3 

contained a different allele (m.3483G>C vs. A) consistent with the M7b1a1 haplogroup. 

Importantly, all of the assigned haplogroups matched the ethnic origin of the donors 
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(Fig. S3.7). These data show that iMiGseq provides base-resolution haplotypes of 

individual mtDNA in single cells.  

 

The distribution of SNV load per mtDNA of healthy human oocytes was similar to that of 

293T cells but distinct from mouse oocytes (compare Fig. 3.1e, 3.2a, 3.3e, and Fig. 

S3.6a). This is presumably due to the higher genetic diversity of mtDNA in outbred 

humans than in inbred mice. Previous reports based on deep NGS sequencing of human 

mtDNA identified several conserved mtDNA replication related regions (e.g., MT-LSP) 

that are devoid of even low-level heteroplasmy (1% detection limit)(Stewart and 

Chinnery, 2020; Wei et al., 2019).  Interestingly, iMiGseq identified two SNVs in such 

“variant-deserts” in two of four human samples with NHLs of 0.24% (m.438C>A in 293T 

cells) and 0.09% (m.16427C>T in hOO_2). Thus using the unbiased ultra-sensitive 

method iMiGseq, our data suggested that mtDNA mutations can randomly happen in 

any mtDNA region, and that the heteroplasmies in “variant deserts” are probably too 

rare to be captured by conventional NGS, which is consistent with the view that 

mutations in these regions impair mtDNA propagation(Stewart and Chinnery, 2020; Wei 

et al., 2019). 

 

The Cancer Mitochondrial Atlas (TCMA(Yuan et al., 2020)) provided a comprehensive 

collection of heteroplasmic mutations in human cancers. However, the ontogeny of 

these cancer-associated mtDNA mutations whose occurrence positively correlates with 
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age(Yuan et al., 2020) remains unclear. Interestingly, each of the sequenced oocytes 

shared a significant portion of its unique SNVs with the TCMA database(Yuan et al., 

2020) (Fig. 3.3f, 3.5b). We refined the comparison by separating unique SNVs according 

to their NHL (≥ 1% or < 1%), which showed that a significant amount of shared SNVs 

existed well below the 1% detection limit of most published studies (Fig. S3.5c & S3.6c). 

Although the biological significance of these potentially cancer-associated mutations is 

not clear, these data suggested that they can arise de novo in oocytes.  

 

Intersecting the iMiGseq SNVs with a list of confirmed pathogenic mtDNA 

mutations(Lott et al., 2013) identified two SNVs causing Leber's hereditary optic 

neuropathy (LHON) and mitochondrial encephalopathy, lactic acidosis, and stroke-like 

episodes (MELAS, 3376G>A/p.Glu24Lys in ND1), and chronic progressive external 

ophthalmoplegia (CPEO, 5690A>G in tRNAAsn), respectively (Fig. 3.3f, Fig. S3.5c & S3.6c). 

Each was in one mtDNA in hOO_2 with NHL of 0.07% (Fig. S3.5d). We pooled data from 

all three hOOs in silico and showed that the same two mtDNA with LHON/MELAS and 

CPEO variants respectively were still correctly identified, demonstrating the excellent 

sensitivity of iMiGseq for extremely low heteroplasmic mutations. These data provided 

evidence that low-level disease-associated heteroplasmic mutations commonly exist in 

single healthy human oocytes and they may contribute to late-onset cancers or 

inherited mitochondrial diseases through selection and/or genetic drift(Coller et al., 

2001; Li et al., 2015; Zaidi et al., 2019; Zhang et al., 2018).  
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As in 293T cells and mouse oocytes, the predominant base substitutions in all six human 

oocytes were T>C (A>G) and C>T (G>A), well-known signatures for mitochondrial 

mutations(Ju et al., 2014; Kennedy et al., 2013; Yuan et al., 2020) (Fig. 3.4a, Fig. S3.8). 

The frequency of reciprocal mutations (e.g. T>C and A>G on the light strand) showed a 

strand bias, which has been observed by others and attributed to the difference in 

replication timing of the light and heavy strands(Ju et al., 2014; Tanaka and Ozawa, 

1994). The spectra of all mutations were consistent with previous data(Ludwig et al., 

2019) (Fig. 3.4b). Some mutational signatures (e.g., in the T>C category) were shared by 

the three hOOs, but the diversity between samples was more evident than that 

between the Nanopore and PacBio data of 293T cells. The variations in mutational 

signatures were especially evident for SNVs with NHL < 1%, as also seen in mouse 

oocytes (Fig. 3.4b, Fig. S3.4d). Lastly, data from the highly sensitive iMiGseq showed that 

oxidative damage (causing C>A/G>T transversions) is not a major source of de novo 

mtDNA mutations in the human germline. A similar observation was also made in 

somatic tissues(Kennedy et al., 2013). 

 

No enrichment or depletion of low-NHL SNVs (< 1%) was observed in the D-loop and 

tRNA genes in any of the hOOs (Table 3.1). Mutations in rRNA genes were significantly 

depleted in three SFhOOs and two of the three hOOs (the samples number of hOO_3 

was too small for proper statistical testing, Table S3.1 & S3.2). Among protein-coding 

genes, the three hOOs consistently showed frequent mutations in the ND1, ND2, and 

COX1 genes, which was a different pattern compared to cultured 293T cells (Fig. 3.4c). 
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Deleterious SNVs accounted for 24.10%, 21.47% and 21.54% of the SNVs in hOO_1, 

hOO_2, and hOO_3, respectively (Fig. S3.8a). Synonymous mutations occurred 

significantly more frequently than expected by chance, while non-synonymous 

mutations did not deviate from random chance (Table S3.1).  

 

The SNVs from extensive-coverage mtDNA were clustered in a heatmap (Fig. S3.9a). As 

seen in mouse oocytes, phylogenetic trees constructed based on individual mtDNA 

haplotypes showed evidence of sequential acquisition of ultra-rare SNVs (< 1% NHL), 

suggesting an accumulation of de novo mutations in individual mtDNA (Fig. 3.3g). The 

dN/dS ratio is a major tool used to detect selection on protein-coding 

mutations(Nielsen, 2005), and has been used to study selection on mtDNA(Ingman and 

Gyllensten, 2007; Ju et al., 2014; Mishmar et al., 2003; Yuan et al., 2020). The dN/dS 

ratios of all mtDNA in each of the six oocytes showed strong evidence for purifying 

(negative) selection against non-synonymous mutations (Fig. 3.4d, Fig. S3.9b). 

Considering that oocytes experience an mtDNA bottleneck during germ cell 

development(Floros et al., 2018a), our data support the role of the germline bottleneck 

in eliminating deleterious mutations in the offspring.  

 

Large SVs were detected only in three SFhOOs with length from 2580 bp to 7733 bp 

(two deletions in SFhOO_1, ten deletions in SFhOO_2, and one deletion in SFhOO_3). 

Significantly, we observed several mutant mtDNA harboring same large deletions in 
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SFhOO_2 (Fig. 3.5c, Fig. S3.9c). The mutant mtDNA existed the same SNV pattern as 

other wild-type mtDNA, thus validating they were not from contamination of NUMTs. 

No shared SVs were identified among the three SFhOOs. SFhOO_2 showed a 

significantly higher SV load of 0.95% of mtDNA harboring large deletions, as compared 

with 0.07% for SFhOO_1 and 0.05% for SFhOO_3. Our data suggested health human 

oocytes can harbor high-level heterogeneous SVs.  

 

3.3.4 iMiGseq quantitates mtDNA mutations in NARP/Leigh syndrome hEPS cells 

Since iMiGseq enabled accurate quantitation of mtDNA mutations in a haplotype-

resolved manner, we hypothesized that it could improve genetic diagnosis of 

mitochondrial diseases. Mouse extended pluripotent stem (mEPS) cells can generate 

blastocyst-like structures (EPS-blastoids) through lineage segregation and self-

organization in vitro(Li et al., 2019). If an analogous system can be established using 

human EPS (hEPS) cells, it could provide a unique model of mitochondrial disease during 

early embryogenesis. Therefore, as a proof-of-concept, we performed iMiGseq in hEPS 

cells derived from mitochondrial disease-specific induced pluripotent stem cells (iPSCs) 

described previously(Yang et al., 2018). The patient is a carrier of the mtDNA mutation 

(m.8993T>C) for neuropathy, ataxia and retinitis pigmentosa (NARP) and maternally 

inherited Leigh syndrome. She gave birth to two daughters who died of Leigh syndrome 

and one son who was age three and asymptomatic at the time of sample collection, all 

confirmed carriers of m.8993T>C. The NAPR/Leigh syndrome hEPS cells (referred to as 

hEPSm.8993T>C hereafter) were collected for UMI labeling of whole mtDNA with different 
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primer designs (important for avoiding primers overlapping with disease relevant SNPs) 

(Table S3.3). As in hOOs, iMiGseq showed an extensive coverage of full-length mtDNA in 

the hEPSm.8993T>C that supported detailed analysis of variants (Fig. 3.4e, Fig. S3.10a-c, and 

Table 3.1). It detected the m.8993T>C mutation in 74.2% of mtDNA, which matched the 

heteroplasmy levels observed in the patient’s oocytes (70~90%, Fig. 3.4e). Interestingly, 

one of the m.8993T>C mutant mtDNA also harbored a 251-bp deletion in the D-loop 

region (Fig. 3.4f), which is known to be involved in mtDNA replication and 

transcriptional regulation(Barshad et al., 2018). As this deletion was only detected in 

one mtDNA among the five sequenced cells, it is possible that the gain of the D-loop 

large deletion is spontaneous and detrimental to mtDNA replication. These results 

clearly demonstrated that iMiGseq could not only detect and quantitate disease-causing 

mutations but also provide comprehensive characterizations of all types of mutations, 

including SNVs and SVs, and their genetic linkage with high sensitivity and specificity.  

  



 103 

3.4 Discussion 

To the best of our knowledge, these data represent the first demonstration of an 

unbiased high-throughput base-resolution analysis of individual full-length mtDNA in 

single cells. Taking advantages of molecular consensus sequencing (IDMseq) and a 

purpose-built bioinformatics pipeline (VAULT), iMiGseq greatly improved the sensitivity 

of heteroplasmy detection and showed that most unique mtDNA SNVs in cells are rare 

and well below the current 1% detection limit. They suggest that a hitherto 

underestimated population of rare de novo mtDNA variants exist in the female 

germline. The analysis of oocytes from the same female mouse showed ultra-rare 

detrimental variants can accumulate and increase frequencies to above 1% during 

oogenesis. During oogenesis mtDNA experiences a genetic bottleneck that could result 

in large swings in heteroplasmy levels between mother and child or between 

offspring(Kim et al., 2019; Rebolledo-Jaramillo et al., 2014; Zaidi et al., 2019). It is 

conceivable that some rare detrimental variants can resurface due to genetic drift, 

mtDNA bottleneck, selection or a combination of any of these processes and become 

high-level heteroplasmic variants in human pedigrees and to the development of 

complex diseases during aging(Kauppila et al., 2017a; Wallace and Chalkia, 2013).  

 

Further analysis showed that deleterious SNVs were prevalent among heteroplasmic 

SNVs in both mouse and human oocytes. A sizable portion of low-level heteroplasmic 

SNVs are associated with cancers or mitochondrial diseases, and the phylogenetic trees 

of individual mtDNA suggest a sequential accumulation of de novo mutations (that are 
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rare at the population level). These observations raise important questions about the 

roles of these rare mtDNA mutations that exist at the beginning of one’s life, and their 

implications for the diagnosis and prevention of mitochondrial diseases. Note that we 

only surveyed one of the most conservative lists of mitochondrial disease variants and 

many other mtDNA variants have been reported to link to mitochondrial diseases and 

complex diseases(Lott et al., 2013; Wallace and Chalkia, 2013), so the overlap with 

disease variants may be underestimated. iMiGseq could offer new opportunities to 

follow the dynamics of such SNVs during development and aging in hope of deciphering 

the emergence of mutations and understanding their clinical significance.  

 

Because NGS of mtDNA necessitates fragmentation of mtDNA molecules, it is impossible 

to ascertain the true haplotype of individual mtDNA molecules. It is thus extremely 

difficult to use short-read data to study genetic interactions between rare mutations 

and their genetic backgrounds. Short reads also could be erroneously mapped to 

NUMTs, causing false variants(Santibanez-Koref et al., 2019). Taking advantages of ultra-

long reads of Nanopore sequencing, iMiGseq could provide thousands of full-length 

mtDNA and their variants in a cell, which avoids NUMTs (see methods) and enables 

studies of interactions between different heteroplasmies. Nanopore-based IDMseq has 

been shown to offer superior characterization of SVs induced by CRISPR/Cas9 editing in 

human embryonic stem cells(Bi et al., 2020a). Interestingly, unlike widespread low-level 

heteroplasmies uncovered by iMiGseq, no large SV was detected in healthy cells. 

iMiGseq identified a large SV in mtDNA of a NAPR/Leigh syndrome patient. It is expected 
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to have advantages over NGS in the detection of large-scale SVs in mtDNA. One 

limitation of the current analysis is variant calling for small insertions and deletions, 

which remains challenging in most sequencing platforms(Goodwin et al., 2016; Zhou et 

al., 2019). Although the sample sizes were limited, our high-sensitivity data provide 

strong evidence that SVs are rarely transmitted through the human germline(Wallace 

and Chalkia, 2013), and suggest a strong purifying selection against deleterious SVs in 

oogenesis.   

 

Because iMiGseq enables for the first time quantitative base-resolution analysis of 

thousands of mtDNA in single cells, it offers an unprecedented opportunity for 

preimplantation genetic diagnosis (PGD) of mitochondrial diseases that are prevalent 

(~1 in 5000) in the general population. For example, in the in vitro fertilization (IVF) 

setting, iMiGseq could be used to analyze mtDNA mutational load in single biopsied 

blastomeres, which have been shown by several studies(Monnot et al., 2011; Tajima et 

al., 2007; Thorburn et al., 2009; Treff et al., 2012) to faithfully represent the 

heteroplasmy level of IVF embryos. Blastomere biopsy does not affect the development 

of the embryo and allows selection of embryos with the lowest mutation load for 

implantation. Our proof-of-concept data in hEPSm.8993T>C show that this is not only 

feasible but also likely to yield novel knowledge of the full spectrum of mutations and 

their genetic linkage. Besides the germline, it is logical to extend iMiGseq technology to 

somatic tissues to unravel the direction of causality between mtDNA mutations and 

aging and complex diseases in the future. Similarly, because iMiGseq works for different 
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species and cell types, we expect it to be widely applicable to many fields for the study 

of this ancient organelle that energizes most life forms on earth. 

 

3.5 Materials and methods 

3.5.1 Cell lines and human oocytes 

The 293T cell line was purchased from ATCC and cultured in Gibco™ DMEM medium (high 

glucose) containing 10% Gibco™ Fetal Bovine Serum (heat inactivated) and 1X Gibco™ 

Penicillin-Streptomycin (5,000 U/mL). Cells were maintained at 37 ℃ in a humidified 

incubator with sea-level air enriched with 5% CO2. All human immature oocytes were 

collected from the reproductive medical center in the Third Affiliated Hospital of 

Guangzhou Medical University. The study of human oocytes collection was approved by 

the Institutional Review Board (IRB) of the Third Affiliated Hospital of Guangzhou Medical 

University and KAUST Institutional Biosafety and Bioethics Committee (IBEC). All of the 

oocyte donors signed the inform consent voluntarily after they were clearly informed all 

of the content and details of the experiments. The women were in intracytoplasmic sperm 

injection (ICSI) cycles because of male infertility were involved in this study, and the 

immature oocytes were found after oocyte retrieval and cumulus cells removal. In general, 

such immature oocytes will be discarded as a medical waste and not used for the 

fertilization during the process of assisted reproductive technology. The endometrium 

tissues were donated by women with mitochondria diseases who signed the informed 

written consent voluntarily after learning the study aims and methods. The protocol was 
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approved by the Institutional Review Board of Peking University Third Hospital. 

Endometrium tissues were collected into a 50 ml centrifuge tube with DMEM/F12 culture 

media (no phenol red, Invitrogen, Carlsbad, CA, USA) containing 100 U/ml penicillin and 

100 μg/ml streptomycin (Invitrogen) during a routine gynecological examination. The 

tube with endometrial sample was put in the ice, and quickly transported to the 

laboratory. The endometrial tissue was rinsed using Hanks buffered salt solution (HBSS, 

Invitrogen) three times and minced into 1 mm3 fragments. After digested with 2 mg/ml 

collagenase type I (Life Technologies, New York, NY, USA) for 45 minutes and DNase I for 

30 min subsequently, the dissociated cellular suspension was treated with ACK lysis buffer 

(Life Technologies, New York, NY, USA) to remove red blood cells. The cells were then 

centrifuged for 200 g for 10 minutes, and resuspended using DMEM/F12 supplemented 

with 10% fetal bovine serum (Charcoal/Dextran Stripped, Gemini, California, USA), and 

plated on 35 mm dishes (Corning) at 37 °C in 5% CO2.  

 

3.5.2 In vitro maturation of human oocytes 

Human immature oocytes were cultured following our previous protocols which was 

consist of IVM basal medium, 0.075 IU/ml FSH, 0.075 IU/ml luteinizing hormone (LH), 10 

ng/ml EGF, 10 ng/ml BDNF and 10 ng/ml IGF-1(Yu et al., 2012). The oocytes expelling the 

first polar body were regarded as mature oocytes at metaphase II stage. Single matured 

MII oocyte was transferred into 0.5ml EP tube without medium using mouth pipette and 

frozen in -80°C refrigerator before further molecular analysis. 
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3.5.3 Mouse oocyte isolation  

The animal experiments in this study were approved by the Institutional Animal Care and 

Use Committee (IACUC) of KAUST and the Salk institute for biological studies. The NSG 

and C57BL/6 mice were purchased from the Jackson Laboratory and Charles River 

Laboratories and kept in KAUST animal resources core lab. The NSG oocytes were 

collected from naturally ovulating female mice. For B6 oocytes, superovulation was 

induced in C57BL/6 (6 weeks) female mice by sequential intraperitoneal injection of 5 

international units (IU) of pregnant mare’s serum gonadotrophin (PMSG) (USBiological 

Life Sciences G8575A) and 5 IU of human chorionic gonadotrophin (hCG) (Sigma-Aldrich 

C1063) 46-48 h later. C57BL/6 mice were sacrificed 14 h after hCG injection. Oviducts 

were dissected from NSG mice (16-20 weeks) or from the super-ovulated C57BL/6 mice, 

and the oocytes were isolated by mouth pipette and washed in cold PBS. Then, the 

oocytes were dissociated from cumulus cells using Accutase (5-10 min RT), washed in cold 

PBS by pipetting up and down, transferred to PCR tubes in a small volume of PBS, and 

frozen at -80˚C. 

 

3.5.4 Derivation and culture of hEPS cells 

To generate mitochondria diseases iPSCs, endometrium tissues fibroblast cells were 

transfected with a Sendai virus reprogramming kit (Life Technologies, A16517). The 

transfected cells were then plated onto Matrigel-coated culture dishes according to the 

manufacturer’s instructions. The iPSCs were cultured on Matrigel-coated tissue culture 

dishes (ES-qualified, BD Biosciences) with mTeSR1 (STEMCELL Technologies) at 37°C and 
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5% CO2 in a humidified atmosphere incubator. The iPSCs culture medium was changed 

daily. The cells were passaged every 3–4 days using Accutase (Stemcell Technologies). The 

iPS cells conversion to EPS as previous reported(Yang et al., 2017). 

 

3.5.5 ddPCR 

ddPCR was performed on a Bio-Rad QX200 Droplet Digital PCR System using ddPCR 

Supermix for Probes (No dUTP) kit (Bio-Rad, 1863024) according to manufacturer’s 

protocols. The probes were synthesized by Integrated DNA Technologies Inc. as 

PrimeTime qPCR Probes. The wildtype probes were labeled as 5'HEX/ZEN/3'IBFQ, while 

the mutant probes were labeled by 5'FAM/ZEN/3'IBFQ. The primer and probe 

sequences were shown in Supplementary Table 2. The primer/probe ratio was set as 

3.6:1. For each reaction, 0.5 ng of purified 293T cell genome were used. All experiments 

were performed in three independent replicates, and the positive events were 

combined for the analysis. 

 

3.5.6 Cell lysis and DNA purification 

Five 293T cells, single oocytes, or 5 to 30 previously frozen hEPSm.8993T>C cells were 

pelleted by centrifuge at 200g for 3 mins, and then lysed in 5 µl RIPA buffer (150 mM 

sodium chloride, 1.0% NP-40, 0.5% sodium deoxycholate, 0.1% sodium dodecyl sulfate, 

50 mM Tris, pH 8.0) on ice for 15 mins. The cell lysate was diluted by adding 10 µl H20, 

and further purified to extract total DNA with 15 µl Beckman Coulter AMPure XP beads 
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(A63882). Two-round of 70% ethanol washes were performed to remove detergents. The 

DNA was eluted in 10 µl H2O to be used for the UMI labeling of mtDNA. 

 

3.5.7 UMI labeling and amplification of mtDNA 

The targeted UMI labeling of individual mtDNA was achieved by mtDNA specific UMI 

oligos. The oligos were selected to enable the efficient amplification of full-length human 

or mouse mitochondrial genomes. A 5’ universal primer sequence and middle UMI 

sequence were added to the five-prime end of mtDNA specific oligos to form UMI oligos. 

The full list of oligos used in this study is shown in Table S3.3. The BLAST of human primers 

to the human reference genome showed that no primers will amplify NUMTs. Since 

iMiGseq amplified the whole circular mtDNA genome using inverse primers, linear NUMTs 

were less likely to be amplified by our inverse primers. The data analysis can easily detect 

and exclude NUMTs since they share a different structure than the full-length mtDNA. A 

screen of DNA polymerase was performed to ensure the high efficiency in the UMI 

labeling and PCR amplification.  

 

The UMI labeling reaction was set up as follows: 10 µl purified DNA, 2.5 µl UMI oligos (10 

µM), 12.5 µl 2X Platinum™ SuperFi™ PCR Master Mix (Invitrogen, 12358010). The reaction 

was incubated on a thermocycler with a ramp rate of 1˚C per second using the following 

program: 98 ˚C 1 min, 70 ˚C 5 s, 69 ˚C 5 s, 68 ˚C 5 s, 67 ˚C 5 s, 66 ˚C 5 s, 65 ˚C 5 s, 72 ˚C 10 

min, 4 ̊ C hold. After UMI labeling DNA is purified by 0.8X AMPure XP beads, washed twice 

by 70% ethanol and eluted 10 µl H2O. The universal primer and mtDNA specific reverse 
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primer were used to amplify only the UMI labeled mtDNA. The 50 µl PCR reaction contains 

1.25 U PrimeSTAR GXL DNA Polymerase (Takara, R050), 1X PrimeSTAR GXL Buffer, 200 

µM dNTP mixture, 0.2 µM each primer, and 10 µl of purified UMI-labeled DNA. The 

thermocycler program is set as follows: 95 ˚C 1 min, (98 ˚C 10 s, 68 ˚C 14 min, 30 cycles), 

68 ˚C 5 min, 4 ˚C hold. The amplicon was validated by agarose gel electrophoresis. If a 

specific DNA band was observed, the rest DNA would be purified by 0.8X AMPure XP 

beads. A second round of PCR amplification for 15-20 cycles with PrimeSTAR GXL DNA 

Polymerase could be performed to obtain enough DNA for sequencing. 

 

We considered if the variant calling results could be affected by PCR artifacts, which is the 

main source of errors in UMI consensus sequencing originating from polymerase 

replication error in the barcoding step(Filges et al., 2019a). The Platinum SuperFi DNA 

polymerase we used has the highest reported fidelity (> 300X that of Taq polymerase), 

and meanwhile captures twice more molecules in the library than Taq(Bi et al., 2020a). 

Theoretically, this polymerase introduces one error in ~1,600 unique 16556-bp molecules 

in the UMI labeling step. Accordingly, this type of inescapable error is expected to be 

around 1 in 1,600 UMI groups, thus representing a minor fraction of the observed SNVs. 

 

3.5.8 Library preparation and sequencing 

For Nanopore sequencing, library preparations were done using the ligation sequencing 

kit (Oxford Nanopore Technologies, SQK-LSK109). The sequencing runs were performed 

on an Oxford Nanopore MinION sequencer using R9.4.1 flow cells. Base calling of 
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Nanopore reads was done using the official basecaller termed Guppy (v3.2.1). For PacBio 

sequencing, library preparations were done using the Sequel Sequencing Kit 3.0. The 

sequencing runs were performed by the BIOPIC core facility at Peking University (Beijing, 

China) on the PacBio Sequel with SMRT Cell 1M v3 LR Tray. HiFi Reads were generated by 

the official tool termed ccs (v3.4.1). All procedures were preformed according to 

manufacturer’s protocols. 

 

3.5.9 Bioinformatic analysis 

All iMiGseq data were analyzed by VAULT with --unmapped_reads and --group_filter 

options, to remove unmapped reads before UMI analysis and filter out low-confidence 

UMI groups after variants calling. The percentage of reads with UMI depends on base 

calling errors in the UMI region and/or DNA fragmentation during library preparation and 

sequencing. For Nanopore data, the error tolerance threshold --error in UMI identification 

was set to 0.11, while for PacBio CCS data, it was set to 0.05. Only perfect UMIs with 

correct length and structure (NNNNNTGNNNNN) were subjected to downstream analysis. 

The SNV calling and filter were performed using default parameters of VAULT, and 

involved in Samtools v1.9(Li et al., 2009). SNVs in primer regions were filtered out before 

downstream analysis.  

 

The reference sequence --refer used in VAULT analysis was the designed amplicon 

sequence, which is based on CM004185.1 for NOD oocytes, NC_005089 for B6 oocytes, 

and NC_012920 for 293T cells and human oocytes. This gave rise to a different coordinate 
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to the canonical mitochondria reference genome. The vault position command was used 

to revise the DNA coordinate and reference chromosome name in VCF files, to enable 

further functional analysis by SnpEff v4.3(Cingolani et al., 2012). In the SNV annotation, 

the positions of SNVs in NOD oocytes were converted to the corresponding coordinates 

of B6 mouse strain. GRCm38.86 database of SnpEff was used in mouse SNV annotation, 

while hg38kg database was used for human SNVs.  

 

The SV calling of VAULT utilized minimap2.1(Li, 2018) and sniffles v1.0.11(Sedlazeck et al., 

2018). The detected SVs were first filtered by a variant allele frequency of 0.6 and then 

manually checked. This SV calling pipeline had been validated in the original work of 

VAULT(Bi et al., 2020a). However, in this study we didn’t detect any large SVs (≥35 bp) 

from mtDNA of healthy samples. The consensus sequence of high coverage UMI groups 

was called using vault consensus command. It utilized canu v2.0(Koren et al., 2017) to do 

de novo assembly, and the Nanopore official tool medata v0.12.1 to polish the assembled 

sequence. Most UMI groups failed to generate contigs in canu assembly, thus lead to a 

reduction of assembled mtDNA. Further assemblers with improved performance could 

potentially solve this problem and lead to more assembled mtDNA. 

 

The synonymous and nonsynonymous sites of mouse mitochondrial genome was 

calculated using the pS_pN_count tool of VAULT, and based on the Nei-Gojobori 

method(Nei and Gojobori, 1986). The dN/dS ratio was calculated using bash command 
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based on the Nei-Gojobori method. The mutational spectrum was analyzed using 

SomaticSignatures(Gehring et al., 2015). 

 

SNV allele frequency (VAF, also mentioned as NHL) is calculated as  

 

UMI group number with this SNV / effective UMI group number at this position 

 

Effective UMI group number is defined as the number of UMI groups with depth ≥ 3 at 

the position of this SNV. 

 

SNV number per genome is calculated as  

 

SNV number in UMI group / surveyed length (depth ≥ 3) in that group * genome length. 

 

3.5.10 Data and materials availability 

VAULT and sample data in this study are accessible at GitHub 

(https://github.com/milesjor/vault). Raw sequencing data and oligo sequences are 

available upon reasonable request. 
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Fig. 3.1 Validation of iMiGseq using 293T cells. 

a, Schematic representation of iMiGseq. Single cells (5 cells for 293T) were manually 

picked and lysed in RIPA buffer. iMiGseq applies the IDMseq strategy to specifically label 

individual mtDNA with UMIs by single-oligo priming. The UMI oligo contains a 3’ gene-

specific sequence (red), a UMI sequence (yellow), and a 5’ universal primer sequence 

(green). The UMI-labeled mtDNA is further amplified by long-range PCR using the 

universal primer (green) and gene-specific reverse primer (purple) as a single amplicon. 

The sequencing of long amplicons is performed on long-read Nanopore and PacBio 

sequencing platforms. The sequencing data were analyzed by a bioinformatic toolkit–

VAULT–to identify UMI sequences, bin reads based on UMI and call variants. 

b, Distribution of effectively covered length of UMI groups detected by Nanopore and 

PacBio sequencing. Color-coded triangles indicate N50 values. 

c, VAF distribution of SNVs detected in iMiGseq of 293T cells. The majority of unique 

SNVs are below the current 1% detection limit (the vertical dotted line). 

d, Circular plots showing the distribution of SNVs in the mitochondrial genome of 293T 

cells determined by Nanopore and PacBio sequencing. The innermost circle (grey) shows 

the depth of reads of all detected UMI groups in linear scale as indicated by the scale 

bar in the center. The red triangle indicates the position of the primers. The middle 

circle (light blue) represents common SNPs from the human dbSNP-151 database. 

Individual SNVs are plotted in the outer barplot circle, in which the height of bar 

represents the VAF. Red color indicates VAF > 0.6. The outermost circle is a color-coded 
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diagram of the human mtDNA. Blue: protein-coding genes. Yellow: rRNA genes. Dark 

green: tRNA genes. Light green: D-loop.  

e, Histogram of SNV load per mtDNA in 293T cells based on Nanopore iMiGseq. The 

median SNV number is indicated by the vertical dotted line. 

f, ddPCR results showing the detected events (droplets) for variants with different VAFs. 

The VAFs calculated by Nanopore iMiGseq are shown under the variants. Around 80 

cells were used in ddPCR to ensure the generation of enough events for analysis, as 

compared to 5 cells in iMiGseq. 
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Fig. 3.2 iMiGseq of single mouse oocytes. 

a, Histogram of SNV load per mtDNA in the three NSG (left) and B6 (right) mouse 

oocytes. The median SNV numbers are indicated by the vertical dotted line. The three 

oocytes of the same strain show a similar pattern of SNV load.  

b, Circular plots showing the distribution of SNVs in the mitochondrial genome of the 

three NSG (left) and B6 (right) mouse oocytes. The arrangement of the circular plots is 

similar to Fig. 3.1e, except that the middle circle (light blue) represents the common 

SNPs from the mouse dbSNP-142 database. 

c, Venn diagrams showing the overlap of mtDNA SNVs detected in the three NSG 

(upper) and B6 (lower) mouse oocytes.  

d, Functional annotation of SNVs in protein-coding regions detected by iMiGseq of 

single mouse oocytes. The size of the pie chart is proportional to overall mutation 

frequency, and the color corresponds to the type of mutation. Variants called in all UMI 

groups (not limited to extensive-coverage groups) were used to generate this plot. 

e, Comparison of common SNVs in the three NSG oocytes. * indicates detrimental 

variant. The detection limit of current NSG mtDNA sequencing is indicated by the 

horizontal line. 

f, Phylogenetic trees of individual detected mtDNA (shown in blue) constructed using 

ultra-rare SNVs (shown in Red) in the NSG_3 oocyte. The DNA sequences indicate the 

UMIs. 
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Fig. 3.3 iMiGseq of single human oocytes. 

a, Circular plots showing the distribution of SNVs in the mitochondrial genome of 

hOO_1. The arrangement of the circular plots is similar to Fig. 3.1e.  

b, Unique SNV number above different heteroplasmy threshold. For all three hOOs, a 

significant amount of unique SNVs had an NHL below the 1% detection limit of current 

methods. 

c, Occurrence time of unique SNVs detected in iMiGseq of human oocytes. Most of the 

unique SNVs appear one time (exist in one UMI group).  

d, Venn diagrams showing the overlap of mtDNA SNVs between the hOOs at different 

heteroplasmy levels. A higher proportion of SNVs with an NHL ≥ 1% (right) were shared 

among hOOs than those with an NHL < 1% (left). 

e, Histogram of SNV load per mtDNA in the three hOOs. The median SNV numbers are 

indicated by the vertical dotted line. 

f, Venn diagrams showing the overlap of mtDNA SNVs in hOOs and cancers (TCMA, 

upper), or confirmed pathogenic mtDNA SNVs in mitochondrial diseases (Disease, 

lower). Cancer-related mtDNA SNVs exist in all three hOOs. 

g, Phylogenetic trees of individual detected mtDNA (shown in blue) constructed using 

ultra-rare SNVs (shown in Red) in the hOO_1 oocyte. Common SNVs (NHL > 1%) of the 

indicated mtDNA are shown in black. The DNA sequences indicate the UMIs. 
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Fig. 3.4 Analysis of mtDNA SNVs detected in human oocytes. 

a, Frequency of base substitutions on the heavy (H) and light (L) strands showing the 

strand asymmetry of low-frequency mtDNA SNVs (NHL < 1%) in hOOs and 293T cell line 

(sequenced by Nanopore). 

b, Highly consistent mtDNA mutational spectrum in hOOs and 293T cell line. The upper 

panel is for all SNVs, while the lower one is for SNVs with NHL < 1%. 

c, Functional annotation of SNVs in protein-coding regions detected by iMiGseq of 

human oocytes and the 293T cell line (sequenced by Nanopore). Variants called in all 

UMI groups (not limited to extensive-coverage groups) were used to generate this plot. 

Most human oocytes show a similar enrichment of SNVs in COX1, ND1 and ND2 genes. 

The 293T cell line has more SNVs in the CYTB, ND4 and ND5 genes. 

d, Box plots showing the distribution of dN/dS ratio of individual mtDNA in hOOs and 

293T cells (sequenced by Nanopore). The mtDNA numbers of every sample are shown 

(red values). The red dots inside the boxes indicate the mean values of dN/dS, and the 

thick black lines represent the median values. Potential outlier values are marked by 

bold black dots, while individual values calculated from every UMI group are shown as 

small grey dots. The lower and upper boundaries of the box represent the 25th and 75th 

percentiles, respectively. The p values were based on the Kruskal-Wallis test, **** 

stands for p< 2.22e-16.  

e, Circular plots showing the distribution of SNVs in the mitochondrial genome of 

hEPSm.8993T>C. The arrangement of the circular plot is similar to Fig. 3.1e and the 
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m.8993T>C mutation is indicated by the red frame. The data were generated from thirty 

hEPS cells.  

f, A schematic map of the mutant mtDNA harboring the 251-bp deletion and m.8993T>C 

mutation detected in hEPSm.8993T>C and the accompanying Integrative Genomics Viewer 

(IGV) tracks showing the alignment of Nanopore reads. 
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Fig. 3.5 Analysis of mtDNA variants detected in same-female human oocytes. 

a, Venn diagrams showing the overlap of mtDNA SNVs between the SFhOOs at different 

heteroplasmy levels.  

b, Venn diagram showing the overlap of mtDNA SNVs in SFhOOs and cancers (TCMA). 

c, Large SVs detected by iMiGseq in the SFhOO_2. Four UMI groups (mtDNA) are shown 

with the same 7022-bp deletion. 

 

  



 129 

Supplemental figures 
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Fig. S3.1 iMiGseq for five 293T cells. 

a, Agarose gel picture showing full-length mtDNA amplified in iMiGseq of 293T cells. 

b, qPCR quantitation of mtDNA copy number of 293T cells. The average mtDNA copy 

number is 1507 per cell. 

c, Analysis of SNVs detected by Nanopore iMiGseq based on functional annotation and 

base change. The majority of base changes are A>G (T>C) and C>T (G>A). 

d, Similar to c but for PacBio iMiGseq data. 
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Fig. S3.2 Quality control of reads in all sequencing runs in this study. 

a, Comparison of read length, throughput and percent reference identity of reads in the 

293T sequencing by Nanopore and PacBio sequencers. PacBio ccs reads have a higher 

accuracy than Nanopore 1D reads. 

b, Comparison of read length, throughput and percent reference identity of reads in the 

NSG mouse oocyte sequencing. 

c, d, and e Similar to b but for the B6 mouse oocyte, human oocyte, same-female 

human oocyte sequencing, respectively. 
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Fig. S3.3 SNV analysis in the iMiGseq of NSG mouse oocytes. 

a, Circular plots showing the distribution of SNVs in the mitochondrial genome of NSG_2 

and NSG_3 oocytes. The arrangement of the circular plots is similar to Fig. 3.2b. Please 

note that the NSG_3 sequencing experiment was carried out with an 8N UMI instead of 

10N, which resulted in higher recovery of UMI groups.  

b, Analysis of mtDNA SNVs of NSG mouse oocytes based on functional annotation.  

c, Analysis of mtDNA SNVs of NSG mouse oocytes based on base change. The majority of 

base changes are T>C (A>G) and G>A (C>T). 

d, Heatmaps of clustering of individual mtDNA detected in NSG mouse oocytes based on 

SNVs (top panels: NHL < 1%, bottom panels: all SNVs). The red boxes highlight several 

lineages of individual mtDNA with ultra-rare SNVs (< 1% NHL), some of which acquired 

additional de novo variants.  

e, Comparison between in silico VAFs and VAFs as determined by iMiGseq in different 

subsampling experiments. The box plots show the distribution of VAFs determined by 

iMiGseq for the respective in silico VAFs. The percentages are those of the NSG allele. 

The numbers of sub-sampling iterations are shown as red numbers. The red dots inside 

the boxes indicate the mean values, and the thick black lines represent the median 

values. Potential outlier values are marked by bold black dots, while individual values of 

sub-samplings are shown as small grey dots. The lower and upper boundaries of the box 

represent the 25th and 75th percentiles, respectively. 
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Fig. S3.4 SNV analysis in the iMiGseq of B6 mouse oocytes. 

a, Circular plots showing the distribution of SNVs in the mitochondrial genome of B6_2 

and B6_3 oocytes. The arrangement of the circular plots is similar to Fig. 3.2b.  

b, Analysis of mtDNA SNVs of B6 mouse oocytes based on functional annotation.  

c, Analysis of mtDNA SNVs of B6 mouse oocytes based on base change. The majority of 

base changes are T>C (A>G) and G>A (C>T). 

d, Mutational spectrum of all SNVs (top) and low-frequency SNVs (NHL < 1%, bottom) 

detected in mouse oocytes. The oocytes show a similar pattern of mutational spectrum 

within the strain, while different strains are significantly different in mutational 

spectrum. 

e, Heatmaps of clustering of individual mtDNA detected in B6 mouse oocytes based on  

SNVs (top panels: NHL < 1%, bottom panels: all SNVs).  
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Fig. S3.5 SNV analysis in the iMiGseq of human oocytes. 

a, Distribution of NHL of mtDNA SNVs detected in the three hOOs. The SNVs fall into 

two groups, the low-frequency SNVs have NHLs below 1%, while the high-frequency 

ones have NHLs above 30%. 

b, Circular plots showing the distribution of SNVs in the mitochondrial genome of 

hOO_2 and hOO_3. The arrangement of the circular plots is similar to Fig. 3.3a.  

c, Venn diagrams similar to those shown in Fig. 3.3f, except that the variants are divided 

into two categories. The upper panels show SNVs with NHL < 1%, and the lower panels 

are for NHL ≥ 1%. 

d, The two disease related SNVs detected in hOO_2 shown in IGV tracks. The mutant 

bases are indicated by red triangles under the plots. 
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Fig. S3.6 SNV analysis in the iMiGseq of same-female human oocytes. 

a, Histogram of SNV load per mtDNA and distribution of NHL of mtDNA SNVs detected in 

the three SFhOOs. The SNVs fall into two groups, the low-frequency SNVs have NHLs 

below 1%, while the high-frequency ones have NHLs above 30%. 

b, Circular plots showing the distribution of SNVs in the mitochondrial genome of 

SFhOOs. The arrangement of the circular plots is similar to Fig. 3.3a.  

c, Venn diagrams similar to those shown in Fig. 3.5b, except that the variants are divided 

into two categories. The upper panels show SNVs with NHL < 1%, and the lower panels 

are for NHL ≥ 1%. 
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Fig. S3.7 A map showing the mtDNA phylogeny and geographic distribution of the 

haplogroups of the three hOOs in this study. 
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Fig. S3.8 SNV annotation for human oocytes. 

a, Analysis of mtDNA SNVs of hOOs based on functional annotation. The majority of 

SNVs are synonymous variants in all oocytes. 

b, Analysis of mtDNA SNVs of hOOs based on base change. The majority of base changes 

are A>G (T>C) and C>T (G>A). 

c and d Similar to a and b but for the SFhOOs. 
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Fig. S3.9 Variant analysis for human oocytes. 

a, Heatmaps of clustering of individual mtDNA detected in hOOs based on mtDNA SNVs 

(top panels: NHL < 1%, bottom panels: all SNVs).  

b, Box plots showing the distribution of dN/dS ratio of individual mtDNA in SFhOOs. 

c, Large SVs detected by iMiGseq in the SFhOO_2. Four UMI groups (mtDNA) are shown 

with the same 7022-bp deletion. 

 

  



 146 

  



 147 

Fig. S3.10 iMiGseq of patient derived hEPSm.8993T>C cells. 

a, A Venn diagram showing the overlap of mtDNA SNVs in hEPSm.8993T>C, cancers (TCMA) 

and confirmed pathogenic SNVs (Disease). The m.8993T>C mutation exists in both hEPS 

cells and the Disease database. 

b, Histogram of SNV load per mtDNA in hEPSm.8993T>C cells. The median SNV number is 

indicated by the vertical dotted line. 

c, Analysis of mtDNA SNVs of hEPSm.8993T>C based on functional annotation and base 

change. 
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Table 3.1 Summary of individual sequencing runs in iMiGseq. 

 

 

 

 

 

 

* data analyzed using extensive-coverage UMI groups 
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Table S3.1 The distribution of SNVs (NHL < 0.01) among mtDNA regions in hOOs. 

 

 

 

 

 

# due to overlapping annotation the total number is different from the sum of all 
categories. 
† include low-coverage groups 
‡ two-tailed binomial test 
* data not met the requirements for a z-test / sample number is smaller than 10   
 

 

Table S3.2 The distribution of SNVs (NHL < 0.01) among mtDNA regions in SFhOOs. 

 

# due to overlapping annotation the total number is different from the sum of all 
categories. 
† include low-coverage groups 
‡ two-tailed binomial test 
* data not met the requirements for a z-test / sample number is smaller than 10   
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Table S3.3 Primers used in iMiGseq. 
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Chapter 4 

Simultaneous detection and mutation surveillance of SARS-CoV-2 and co-

infections of multiple respiratory viruses by rapid field-deployable 

sequencing 
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4.1 Summary 

Background 

Strategies for monitoring the severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) infection are crucial for combating the pandemic. Detection and mutation 

surveillance of SARS-CoV-2 and other respiratory viruses require separate and complex 

workflows that rely on highly-specialized facilities, personnel, and reagents. To date, no 

method can rapidly diagnose multiple viral infections and determine variants in a high-

throughput manner. 

 

Methods 

We describe a method for multiplex isothermal amplification-based sequencing and 

real-time analysis of multiple viral genomes, termed NIRVANA. It can simultaneously 

detect SARS-CoV-2, influenza A, human adenovirus, and human coronavirus, and 

monitor mutations for up to 96 samples in real-time. 

 

Findings 

mailto:mo.li@kaust.edu.sa
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NIRVANA showed high sensitivity and specificity for SARS-CoV-2 in 70 clinical samples 

with a detection limit of 20 viral RNA copies per µl of extracted nucleic acid. It also 

detected the influenza A co-infection in two samples. The variant analysis results of 

SARS-CoV-2 positive samples mirror the epidemiology of COVID-19. Additionally, 

NIRVANA could simultaneously detect SARS-CoV-2 and PMMoV (an omnipresent virus 

and water quality indicator) in municipal wastewater samples.  

 

Conclusions 

NIRVANA provides high-confidence detection of both SARS-CoV-2 and other respiratory 

viruses and mutation surveillance of SARS-CoV-2 on the fly. We expect it to offer a 

promising solution for rapid field-deployable detection and mutational surveillance of 

pandemic viruses. 

 

Funding 

M.L. is supported by KAUST Office of Sponsored Research (BAS/1/1080-01). This work is 

supported by KAUST Competitive Research Grant (URF/1/3412-01-01, M.L. and J.C.I.B.) 

and Universidad Catolica San Antonio de Murcia (J.C.I.B.). A.M.H. is supported by Saudi 

Ministry of Education (project 436). 

 

4.2 Introduction 

The novel coronavirus disease (COVID-19) pandemic is one of the most serious 

challenges to public health and the global economy in modern history. SARS-CoV-2 is a 
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positive-sense RNA betacoronavirus that causes COVID-19.(Coronaviridae Study Group 

of the International Committee on Taxonomy of, 2020) It was identified as the 

pathogenic cause of an outbreak of viral pneumonia of unknown etiology in Wuhan, 

China, by the Chinese Center for Disease Control and Prevention (CCDC) on Jan 7, 

2020.(The nCo-V Outbreak Joint Field Epidemiology Investigation Team, 2020) To date, 

rRT-PCR assays of various designs, including one approved by the US Centers for Disease 

Control and Prevention (US CDC) under emergency use authorization (EUA), have 

remained the predominant diagnostic method for SARS-CoV-2.  Although proven 

sensitive and specific for providing a positive or negative answer, rRT-PCR provides little 

information on the genomic sequence of the virus, knowledge of which is crucial for 

monitoring how SARS-CoV-2 is evolving and spreading and for ensuring successful 

development of new diagnostic tests and vaccines. To this end, samples need to go 

through a separate workflow–typically Illumina shotgun metagenomics or targeted 

next-generation sequencing (NGS).(Zhang and Holmes, 2020) Since NGS requires 

complicated molecular biology procedures and high-value instruments in centralized 

laboratories, it is performed in < 1% as many cases as rRT-PCR, as evidenced by the 

number of genomes in the GISAID database (39,954) and confirmed global cases tallied 

by the WHO (6,535,354) as of June 5, 2020.  

 

SARS-CoV-2 infections often cause symptoms similar to other respiratory viruses, thus 

making it challenging to distinguish co-infections, especially in the flu season. Several 

studies have reported co-infection of SARS-CoV-2 and other respiratory viruses–
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respiratory syncytial virus (RSV) and influenza being the most common viral pathogens 

identified,(Babiker et al., 2020; Lansbury et al., 2020) and influenza was particularly high 

in deceased patients.(Hashemi et al., 2020) Even though the overall co-infection rate 

may be low, and non-COVID-19 respiratory infections have experienced a sharp 

decline.(Parry et al., 2020) presumably due to public health interventions, the detection 

of co-infection is potentially useful for monitoring the pandemic and may benefit how 

patients are treated. To date, no method can rapidly diagnose multiple viral infections in 

a high-throughput manner. Ideally, such methods should be field-deployable to allow 

timely assessment of outbreaks anywhere anytime.  

 

Both rRT-PCR and NGS are sophisticated techniques whose implementation is 

contingent on the availability of highly-specialized facilities, personnel and reagents. 

These limitations could translate into long turnaround times and inadequate access to 

tests, even in developed countries. To address these issues, several PCR-free nucleic 

acid detection assays have been proposed as point-of-care replacements of rRT-PCR. 

Chief among them is reverse transcription coupled loop-mediated isothermal 

amplification (RT-LAMP(Notomi et al., 2000)), which has been used for rapid detection 

of SARS-CoV-2 RNA.(Broughton et al., 2020; Joung et al., 2020; Yan et al., 2020; Zhang et 

al., 2020) On the sequencing front, the pocket-sized Oxford Nanopore MinION 

sequencer has been used for rapid pathogen identification in the field.(Gardy and 

Loman, 2018; Greninger et al., 2015a) Since MinION offers base calling on the fly, it is an 

attractive platform for consolidating viral nucleic acid detection by PCR-free rapid 
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isothermal amplification and viral mutation monitoring by sequencing. However, there 

are several challenges for an integrated point-of-care solution based on RT-LAMP and 

Nanopore sequencing. RT-LAMP requires a complex mixture of primers that increases 

the chance of non-specific amplification and makes it difficult to multiplex. Additionally, 

LAMP amplicons used for SARS-CoV-2 detection are short.(Broughton et al., 2020; Yan 

et al., 2020) Sequencing singleplex short amplicons not only fails to take advantage of 

the long-read and sequencing throughput (~10 Gb) of the MinION flow cell, it is also 

prone to false negative reporting due to amplification failure. Nanopore sequencing has 

its own caveats too. Due to its relatively high basecalling error, new bioinformatics tools 

based on dedicated algorithms(Bi et al., 2020b; Li et al., 2020) are also needed to 

accurately identify the presence of viral sequences (substituting for rRT-PCR) and 

analyze virus mutations (substituting for NGS).  

 

Here we developed isothermal recombinase polymerase amplification (RPA) assays to 

simultaneously amplify multiple regions (up to 2184 bp) of the SARS-CoV-2 genome and 

genomic sequences of three common respiratory viruses. This forms the basis for an 

integrated workflow to detect the presence of viral sequences and monitor mutations in 

multiple regions of the SARS-CoV-2 genome in up to 96 patients at a time (Fig. 4.1a). We 

developed a bioinformatics pipeline for on-the-fly analysis to reduce the time to 

diagnosis and sequencing cost by stopping the sequencing run when data are sufficient 

to provide confident answers.  

 



 157 

4.3 Results 

Singleplex RPA was first performed to test its ability to amplify the SARS-CoV-2 genome 

from a nasopharyngeal swab sample tested positive for the virus using the US CDC 

assays(Centers for Disease Control and Prevention, 2020) (CT value=21). Sixteen primers 

were tested in 12 combinations to amplify 5 regions harboring either reported signature 

mutations(Pachetti et al., 2020; Yin, 2020) useful for strain classification or mutation 

hotspots (GISAID, as of March 15, 2020). Five pairs of primers showed robust 

amplification of DNA of predicted size (range: 194-466 bp) in a 20-min isothermal 

reaction at 39 °C (Fig. 4.1b, Fig. 4.2a). The specificity of all 5 RPA products was verified 

by restriction enzyme digestion (Fig. 4.2b). The limit of detection of RPA reaches below 

10 copies per reaction (Fig. 4.2c). Furthermore, we showed that these RPA reactions 

could be multiplexed to amplify the five regions of the SARS-CoV-2 genome in a single 

reaction (Fig. 4.1c), thus significantly simplifying the workflow. 

 

We next performed multiplex RPA using ten SARS-CoV-2 positive samples (SARS-CoV-2+, 

determined by US CDC assays(Centers for Disease Control and Prevention, 2020), CT 

value range: 15 to 27.9). Multiplex RPA products of the 10 samples were individually 

barcoded, pooled and prepared into a Nanopore sequencing library using an optimized 

protocol to save time (see methods). The whole workflow from RNA to sequencing took 

approximately 4 hours (Fig. 4.1a). The barcoded library was sequenced on a Nanopore 

MinION using a R9.4.1 flow cell. After 12-h sequencing, we acquired a total of 1.7 million 

reads from this barcoded library (Fig. S4.1a). The demultiplexed reads were distributed 
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relatively evenly among the barcodes (samples). We further aligned the reads to the 

SARS-CoV-2 reference genome and found that all RPA amplicons were covered by 

thousands of reads in all samples, suggesting that barcoded multiplexed RPA sequencing 

worked effectively (Fig. 4.1d, Fig. S4.1b). 

 

The identification of a SARS-CoV-2 positive sample can be achieved by surveying the 

existence of targeted amplicons via sequencing. However, the determination of 

negative samples needs to rule out potential sample collection failure, thus requiring a 

sample quality validation control. We used the existence of transcripts of the human 

housekeeping gene ACTB as a quality check of sample collection. The sequencing results 

showed that the ACTB gene could be effectively amplified without significantly affecting 

the amplification of SARS-CoV-2 (Fig. S4.1c).  

 

Co-infection with other respiratory pathogens in COVID-19 patients has been evaluated, 

though current detection of co-infections requires additional rRT-PCR assays(Hashemi et 

al., 2020; Kim et al., 2020; Ma et al., 2020) or NGS(Babiker et al., 2020). Such ad hoc 

tests are not amenable to large-scale screening of co-infections. On the other hand, 

multiplexed RPA of different viruses could be a promising solution to detect co-

infections in a timely and efficient manner. 

 

As a proof-of-principle of multiplex RPA of multiple human viral pathogens, we screened 

and validated RPA primers that robustly amplify influenza A (FluA), human adenovirus 
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(HAdV), and non-SARS-CoV-2 human coronavirus (HCoV), respectively (data not shown). 

We added the three pairs of respiratory virus primers to the multiplex SARS-CoV-2 RPA 

panel to achieve simultaneous isothermal amplification of four viral pathogens (Table 

S4.1). To ensure effective amplification of all targets, we adjusted the concentration of 

each primer pair based on the read depth of the cognate genomic region when 

sequencing a contrived co-infection sample made from a SARS-CoV-2+ sample spiked 

with a control panel of 21 respiratory viruses including FluA, HAdV, and HCoV 

(Respiratory21+). The final primer mix achieved amplification of all targeted amplicons 

(Fig. 4.3a).   

 

The presence of SARS-CoV-2 has been reported in municipal sewage, of which the viral 

load was found to be correlated to the reported COVID-19 prevalence.(Medema et al., 

2020) This suggests that wastewater surveillance could be a sensitive indicator of the 

total COVID-19 caseload (including asymptomatic cases) in the population. To evaluate 

the possibility of using multiplex RPA to detect SARS-CoV-2 in wastewater, we 

determined the primer mix to simultaneously amplify five regions of SARS-CoV-2 and 

one region of pepper mild mottle virus (PMMoV, an omnipresent indicator of water 

quality(Kitajima et al., 2018)). We spiked the wastewater concentrate (see methods) 

with RNA of SARS-CoV-2 positive samples, and used this as a positive control to test the 

multiplex RPA. Two primer mixes with different concentration of PMMoV primers were 

tested. Both primer mixtures could detect the SARS-CoV-2 and PMMoV within the 

positive control (Fig. S4.1d). These results suggested that multiplex RPA could be used to 
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monitor the presence of SARS-CoV-2 and other viruses in municipal wastewater. In 

addition, due to the simultaneous acquisition of viral sequences, this method could also 

survey the strains circulating in the population (see below).  

 

We next performed multi-virus multiplex RPA assay followed by Nanopore sequencing 

in 60 clinical samples suspected of SARS-CoV-2 infection. Following RT and RPA (Fig. 

4.1a), amplicons of each sample were barcoded and sequenced in one Nanopore 

MinION flow cell. To take advantage of the unique feature of real-time base-calling 

offered by Nanopore sequencing, we developed a bioinformatics algorithm termed 

Real-Time Nanopore sequencing monitor (RTNano) (Fig. 4.1e). RTNano continuously 

monitors the output folder of basecalled data during the sequencing run and generates 

analysis reports in a matter of seconds. After detecting new fastq files (basecalled 

sequence output format of Nanopore sequencing), RTNano quickly aligns the reads to 

the targeted amplicons of the viruses. To confidently determine the existence of a virus, 

RTNano filters the alignment records by percentage identity and amplicon coverage and 

provides the number of positive records for each targeted viral amplicon, which is then 

used to evaluate the infection status of the sample.  

 

When demultiplexing a large number of samples, barcode misclassification could 

potentially happen due to base-calling errors in the barcode. RTNano included an 

additional round of demultiplexing using stringent parameters to reduce the chance of 

barcode misclassification (see methods). Furthermore, a no template control (NTC) was 
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included to monitor barcode misclassification. The reads of targeted amplicons assigned 

to the NTC barcode likely represented background errors in demultiplexing. The positive 

record number of the NTC was subtracted from the individual sample analysis to further 

reduce false positive identification. After the real-time analysis, RTNano generated a 

report for each of the 60 samples, including current read number, base number, and 

details of alignment positive records (Fig. 4.1e). To simplify the interpretation of the 

results, RTNano provided a summary score of SARS-CoV-2 based on a set of predefined 

rules (Table S4.2). SARS-CoV-2 positive samples (POS) were assigned a confidence level 

ranging from 0 to 3 (lowest to highest) based on the number of covered amplicons and 

corresponding positive records. When there is no record of SARS-CoV-2, the sample 

could be categorized as either negative (NEG), if there were enough records (>1000) of 

ACTB, or unknown (UKN), if there were insufficient records of ACTB. The introduction of 

the confidence level could improve the accuracy of diagnosis, which is in principle 

similar to the CT value of rRT-PCR but based on quantitative information of multiple 

amplicons. Since base calling and demultiplexing may lead to a brief delay, we refer to 

the workflow as Nanopore sequencing of Isothermal Rapid Viral Amplification for Near 

real-time Analysis (NIRVANA) (Fig. 4.1a). 

 

RTNano identified 35 SARS-CoV-2 positive cases in the 60 samples after 2 hours of 

Nanopore sequencing. Ten more positives were identified by RTNano (RTNano+) as the 

data output increased in the next 22 hours of sequencing (Fig. 4.3b, File S4.1). An 

identical aliquot of each sample was analyzed in parallel using the US CDC rRT-PCR 
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SARS-CoV-2 assays. Three samples were inconclusive after two rounds of rRT-PCR tests 

(File S4.2) and were excluded in the downstream analysis. Among the 45 RTNano+ 

samples, 43 had rRT-PCR confirmed status, in which 41 (95.35%) were positive by the 

rRT-PCR assay (PCR+). The two remaining weakly RTNano+ sample (POS_0) had high CT 

values of RNase P and failed in PCR amplification of N1 and N2. Three of the RTNano- 

samples were also PCR- due to no amplification of N1 and/or N2, while the rest of the 11 

RTNano- were PCR+. These 11 false-negative samples had high CT values (N1: 34.16 ± 

0.36, N2: 36.27 ± 0.47, Fig. 4.3c). The incorrect identification of these samples could be 

due to amplification failure of multiplex RPA or insufficient sequencing throughput. In 

addition, high CT values in SARS-CoV-2 rRT-PCR tests have a higher chance of being 

false-positive.(Katz et al., 2020; Surkova et al., 2020)   

 

We calculated the average CT value of RTNano+ samples with different confidence 

levels. RTNano+ samples with a high confidence level correlated with lower CT values, 

which proved the reliability of RTNano results (Fig. 4.3d). Based on the N1 standard 

curve, we estimated the limit of detection (LoD) of NIRVANA was ~29 viral RNA 

copies/µl of extracted nucleic acid (86 copies per reaction, based on average N1 CT 

value of 33.37 of POS_0, and see methods), which was comparable to current rRT-PCR 

assays.(Vogels et al., 2020)  

 

We next surveyed co-infection of three common respiratory viruses in the 60 samples. 

FluA co-infection was determined by two independent commercial rRT-PCR assays 
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(Resp’EasyTM in vitro diagnostic kit (CE-IVD) and IDT influenza A, B/RSV identification kit). 

Four samples were identified as FluA+ in both assays (CT value range: 33.97 to 39.33 by 

Resp’EasyTM) (Fig. S4.1e). RTNano detected the FluA+ sample with the lowest CT value 

(sample 46, CT 33.97) with high confidence (Fig. 4.3e). HAdVs and HCoV co-infection 

was examined using the Resp’EasyTM kit, and only one HCoV+ sample was identified 

(Resp’EasyTM CT=35.18). RTNano reported no HAdVs co-infection and failed to detect 

the HCoV+ sample. 

 

A high level of multiplexing reactions could negatively affect RPA efficiency of each 

amplicon. To test if a less complex primer combination could improve the performance 

of NIRVANA, we removed the less robust SARS-CoV-2 primers (pair 9 & 10) and 

performed a new NIRVANA sequencing. Twenty-nine of the 60 samples were 

sequenced, including 11 RTNano-/PCR+, 4 FluA+, and 1 HCoV+. Nine of the previous 11 

RTNano-/PCR+ samples were identified as SARS-CoV-2+, suggesting an improved 

sensitivity (File S4.3). To test if the remaining two RTNano-/PCR+ samples were true 

positives, we performed Nanopore sequencing of the PCR products of the two samples. 

The results showed that both samples contained high-confidence reads mapped to the 

expected amplicon sequences (data not shown). Thus, we concluded that these two 

samples were true positives. The average N1 CT value of POS_1 was improved from 

30.48 to 32.06 (Fig. S4.1f). Using the new data, we calculated the LoD of SARS-CoV-2 of 

7-amplicon NIRVANA to be ~20 viral RNA copies/µl of extracted nucleic acid (61 copies 

per reaction, based on average N1 CT value of 33.37 of POS_0). It is worth noting that 
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the sensitivity of SARS-CoV-2 detection of multi-virus multiplex NIRVANA is lower than 

that of singleplex rRT-PCR assays achieved in our hands.(Ramos-Mandujano et al., 2021) 

Further optimization of the RPA primer combination may improve the sensitivity, and 

the ability of NIRVANA to identify multiple viruses and to detect variants could partially 

offset the reduced sensitivity. 

 

The sensitivity of FluA detection was also improved as two FluA+ samples (Resp’EasyTM 

CT value of 33.97 and 36.03) were correctly identified (sample 46 & 58 in Fig. S4.1e, Fig. 

S4.1g). The HCoV+ sample was still not identified. Since NIRVANA showed a robust ability 

in detecting HCoV in the positive control sample (Fig. 4.3a), we suspected that the HCoV 

in the clinical sample may belong to a different strain that could not be amplified by our 

HCoV primers. Taken together, these results showed that NIRVANA provided highly-

confident SARS-CoV-2 detection for virus loads above 20 copies/µl of extracted nucleic 

acid and reliable detection of potential co-infections. 

 

RTNano has an integrated function to quickly analyze variants in each sample during 

sequencing. We used it to analyze sequence variants in ten SARS-CoV-2 positive samples 

(Fig. 4.1d). It detected 16 single nucleotide variants (SNVs) in the ten samples and all of 

them had been reported in GISAID (Fig. 4.3f, as of June 7, 2020). The reported SNVs 

suggested that the strains in samples 01-03 are close to clade 19B (nt28144 T/C), first 

identified in Wuhan, China, while the strains in samples 04-10 are close to clade 20 

(nt14408 C/T, 23403 A/G), first becoming endemic in Europe. Given the fact that 
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samples 01-03 were collected early in the pandemic, while the others were later 

(around May), the SNV signature of the strains revealed by NIRVANA is consistent with 

the pattern of COVID-19 case importation, which initially came from China and shifted 

to Europe after a ban of flights from China. Prospectively collecting such data regularly 

could guide public health policy making to better control the pandemic. 

 

To validate the SNVs and compare NIRVANA with conventional RT-PCR amplicon 

sequencing,(Team, 2020) we chose three samples (01-03) to perform multiplex RT-PCR 

amplicon sequencing using the MinION. Variant calling was done by RTNano using the 

same parameters and the results showed that RT-PCR sequencing confirmed all 3 SNVs 

detected by NIRVANA (Fig. S4.2a). We further compared the SNVs of samples 01-03 with 

their corresponding assembled genome from Illumina sequencing published in GISAID 

(EPI_ISL_437459 for sample03, EPI_ISL_437460 for sample04, and EPI_ISL_437461 for 

sample05). All of the three SNVs existed in the assembled genome. 

 

Taken together, NIRVANA provides high-confidence detection of both SARS-CoV-2 and 

other respiratory viruses, and mutation surveillance of SARS-CoV-2 on the fly. Compared 

to Oxford Nanopore’s official method termed LAMPore,(James et al., 2020) which is 

based on RT-LAMP, NIRVANA offers several advantages, including longer amplicons and 

a higher level of multiplexing. LAMPore generated short amplicons (~80 bp), of which 

half was composed of primer sequences. Thus, the read alignment may be more prone 

to amplification artifacts that lead to false-positive results. In NIRVANA, significantly 



 166 

longer amplicons (up to 466 bp in this study) combined with an alignment record filter 

can improve the accuracy of positive results by minimizing the influence of amplification 

artifacts. In addition, LAMP-based LAMPore requires multiple primers (at least 4) to 

amplify one amplicon, which is a challenge to multiplexing. In contrast, we showed that 

RPA-based NIRVANA is able to amplify and detect nine amplicons in one pot (Fig. 4.3a).  

 

The recent worldwide spread of the SARS-CoV-2 B.1.1.7 variant with an increased 

infectivity reveals an urgent need for rapid and field-deployable methods to monitor 

mutations in hopes of containing the spread of COVID-19 and ensuring the effectiveness 

of current vaccines. The 9-amplicon NIRVANA covers three B.1.1.7-specific mutations 

and is potentially usable for the identification of the variant. The framework of NIRVANA 

has a built-in flexibility in choosing what viral sequences to target and the level of 

multiplexing. The screening of new RPA primers can be performed at a low cost and 

with little effort. The whole workflow of NIRVANA can be further shortened by 

performing one-pot RT-RPA (Fig. 4.2d) so that the time from RNA to result can be as 

short as 3.5 hours. All molecular biology reactions in the workflow can be done in a 

simple heating block, and all necessary supplies fit into a briefcase (Fig. S4.2b). We 

expect it to provide a promising solution for rapid field-deployable detection and 

mutational surveillance of pandemic viruses. 

 

Limitations of study 
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Although our method offers unique advantages, some limitations should be noted. First, 

NIRVANA relies on efficient primers to amplify the targeted viral sequences. The clinical 

samples used in the development of NIRVANA are all from Saudi Arabia and collected 

before June 2020. It is possible that the primers presented in this study may need to re-

validated or re-designed because of the evolution of SARS-CoV-2 variants. The same also 

applies to the design of primers targeting the seasonal influenza viruses. Second, the 

LOD of the 7-amplicon NIRVANA for SARS-CoV-2 is still lower than that of rRT-PCR in this 

study. Further improvements in sensitivity may be required for clinical application. 

Third, NIRVANA entails multiplex Nanopore sequencing. Although several optimizations 

have been done to reduce sample crosstalk, the frequency of residual sample 

misclassification error requires further characterization. 

 

4.4 Methods 

4.4.1 RNA samples and primers 

Anonymized RNA samples were obtained from Ministry of Health (MOH) hospitals in the 

western region in Saudi Arabia. The use of clinical samples in this study is approved by 

the institutional review board (IRB# H-02-K-076-0320-279) of MOH and KAUST 

Institutional Biosafety and Bioethics Committee (IBEC). Oropharyngeal and 

nasopharyngeal swabs were carried out by physicians and samples were steeped in 1 mL 

of TRIzol (Invitrogen Cat. No 15596018) to inactivate virus during transportation. Total 

RNA extraction of the samples was performed following instructions as described in the 

CDC EUA-approved protocol using the Direct-Zol RNA Miniprep kit (Zymo Research Cat. 
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No R2070) or TRIzol reagent (Invitrogen Cat. No 15596026) following the manufacturers’ 

instructions. The Respiratory (21 targets) control panel (Microbiologics Cat. No 8217) 

was used as positive control in the amplification of FluA, HAdVs and HCoV. A list of 

primers used in this study can be found in Table S4.1. The PMMoV primers used in 

wastewater samples were PMMoV-F: TCAAATGAGAGTGGTTTGACCTTAACGTTTGA and 

PMMoV-R: AACTCATCGGACACTGTGTTGCCTGTTAGAC. 

 

4.4.2 Wastewater samples 

Raw sewage was collected at 9 AM and 4 PM on 7 June 2020 from the wastewater 

equalization tank in KAUST, and then mixed together to constitute a composite sample. 

A 300-500 ml of sewage mixture was concentrated by electronegative membrane in the 

present of cation as previously described(Haramoto et al., 2004). The eluate of viruses 

was recovered in a tube with 50 μL of 100 mM H2SO4 (pH 1.0) and 100 μL of 100× Tris–

EDTA buffer (pH 8.0) for neutralization. Centripep YM-50 (Merck Millipore) was used to 

further concentrate the samples to a volume of 600-700 µl.  

 

4.4.3 Reverse transcription 

Reverse transcription of RNA samples was done using either NEB ProtoScript II reverse 

transcriptase (NEB Cat. No M0368) or Invitrogen SuperScript IV reverse transcriptase 

(Thermo Fisher Scientific Cat. No 18090010), following protocols provided by the 

manufacturers. After reverse transcription, 5 units of thermostable RNase H (New 

England Biolabs Cat. No M0523S) was added to the reaction, which was incubated at 37 
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˚C for 20 min to remove RNA. The final reaction was diluted to be used as templates in 

RPA. All of the web-lab experiments in this study were conducted in a horizontal flow 

clean bench to prevent contaminations. The bench was decontaminated with 70% 

ethanol, DNAZap (Invitrogen, Cat no. AM9890) and RNase AWAY (Invitrogen, Cat no. 

10328011) before and after use. The filtered pipette tips (Eppendorf epT.I.P.S.® 

LoRetention series) and centrifuge tubes (Eppendorf DNA LoBind Tubes, Cat. No 

0030108051) used in this study were PCR-clean grade. All of the operations were 

performed carefully following standard laboratory operating procedures. 

 

 

4.4.4 rRT-PCR 

The rRT-PCR assay of SARS-CoV-2 was purchased from IDT (Cat. No 10006770). The rRT-

PCR assay for FluA was purchase from IDT (Cat. No 1079729). Respiratory Virus PCR 

Panel kit (Diagenode diagnostics, DDGR-90-L048) was used for the determination of 

FluA, HAdVs and HCoV. All reactions were run on a CFX384 Touch Real-Time PCR 

Detection System (Bio-rad) following the instruction of manufacturers. The copy number 

of SARS-CoV-2 is determined by the IDT SARS-CoV-2 rRT-PCR assay based on the 

standard curve of CT values of known copies of synthetic SARS-CoV-2 N gene RNA 

(nt28,287-29,230 in NC_045512.2, DNA template purchased from IDT). A serial dilution 

of the synthetic RNA is performed to obtain final concentrations of 10, 102, 103, 104, 105, 

106, 107 copies/µl. The reverse transcription is done using 1 µl of diluted RNA, followed 

by rRT-PCR using 2.5 µl of 5-fold diluted cDNA. 
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4.4.5 Singleplex RPA  

Singleplex RPA was performed using TwistAmp® Basic kit following the standard 

protocol. Thirteen pairs of SARS-CoV-2 primers covering N gene, S gene, ORF1ab and 

ORF8 were tested and the corresponding amplicons were purified by 0.8X Beckman 

Coulter AMPure XP beads (Cat. No A63882) and eluted in 40 µl H2O. The purified 

amplicons were first analyzed by running DNA agarose gel to check the specificity and 

efficiency. The most robust five pairs of primers with correct size were further analyzed 

by NlaIII (NEB Cat. No R0125L) and SpeI (NEB Cat. No R0133L) digestion following 

standard protocols. For one-pot RT-RPA, 10 U of AMV Reverse Transcriptase (NEB Cat 

no. M0277S) and 20 U of SUPERase•In™ RNase Inhibitor (Invitrogen Cat no. AM2694) 

were added to a regular RPA reaction mix. The RT-RPA was carried out per the 

manufacturer protocol. For the RPA of respiratory viruses, reverse-transcribed cDNA 

from the Respiratory (21 targets) control panel (Microbiologics Cat. No 8217) was used 

as the template. 

 

4.4.6 Multiplex RPA 

Multiplex RPA was done by add all of the primers in the same reaction. The total final 

primer concentration is set to 2 μM. To achieve an even and robust amplification, we 

empirically determined the final concentration of the five-amplicon primers (for the 

initial test of 10 SARS-CoV-2 positive samples) as follows: 0.166 µM for each pair-4 

primer, 0.166 µM for each pair-5 primer, 0.242 µM for each pair-9 primer, 0.26 µM for 
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each pair-10 primer, 0.166 µM for each pair-13 primer, 29.5 µl of primer free 

rehydration buffer, 1 µl of 10-fold diluted cDNA, 7µl H2O. In the multiplex RPA of 9-

amplicon and 7-amplicon (remove pair 9 & 10) primers, the primer mixtures were 

obtained by combining different amount of 10 µM primers according to the ratios in 

Table S4.1, and 2.5 µl of 5-fold diluted cDNA were used as template. The reaction was 

incubated at 39 ˚C for 4 min, then vortexed and spin down briefly, followed by a 16-min 

incubation at 39 ˚C.  

 

 

4.4.7 Library preparation and sequencing 

The RPA library preparation was done using Native barcoding expansion kit (Oxford 

Nanopore Technologies EXP-NBD114 and EXP-NBD196) following Nanopore PCR tiling of 

COVID-19 Virus protocol (Ver: PTC_9096_v109_revE_06Feb2020) with a few changes to 

save time. The RPA reaction was purified using Qiagen QIAquick PCR purification kit 

(Qiagen Cat No. 28106) and elute in 30 µl H2O. The end-prep reaction was done 

separately in 15 µl volume using 5 µl of each multiplex RPA samples. After that, we 

followed the same procedures as described in the official protocol. The RT-PCR library 

preparation was done using Native barcoding expansion kit (Oxford Nanopore 

Technologies EXP-NBD104) according to the standard native barcoding amplicons 

protocol. The sequencing runs were performed on an Oxford Nanopore MinION 

sequencer using R9.4.1 flow cells.  
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4.4.8 Bioinformatics 

RTNano scanned the sequencing folder repeatedly based on user defined interval time. 

Once newly generated fastq files were detected, it moved the files to the analysis folder 

and made a new folder for each sample. If the Nanopore demultiplexing tool guppy is 

provided, RTNano will do additional demultiplexing to make sure reads are correctly 

classified. The analysis part utilized minimap2(Li, 2018) to quickly align the reads to the 

SARS-CoV-2 reference genome (GenBank: NC_045512). After alignment, RTNano will 

filter the alignment records based on defined thresholds of parentage identity and 

amplicon coverage, followed by counting the alignment records of each amplicon. A 

read with >= 89% alignment identity and >= 96% amplicon coverage will be counted as 

one positive record. If an NTC barcode number was provided, RTNano will subtract this 

number in individual sample analysis to further ensure confident demultiplexing. In the 

end, RTNano will assign samples with different result marks (POS, NEG and UNK) based 

on the number of alignment records of each amplicon (Table S4.2). With the sequencing 

continuing, RTNano will merge the newly analyzed result with completed ones to 

update the current sequencing statistics. RTNano is ultra-fast, a typical analysis with 

additional guppy demultiplexing of 5 fastq files (containing 4000 reads each and 

sequenced with 12-barcode kit) will take ~10s using one thread in a MacBook Pro 2016 

15-inch laptop. Variant calling was performed using samtools (v1.9) and bcftools 

(v1.9)(Li et al., 2009). The detected variants were filtered by position (within the 

targeted regions) and compared with the data in Nextstrain.org as of Jun 2, 2020. 
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4.4.9 Data and materials availability 

RTNano and sample data in this study are accessible at GitHub 

(https://github.com/milesjor/RTNano). Raw sequencing data are available in the SRA 

database (accession ID PRJNA638039), which are accessible with the link 

(https://dataview.ncbi.nlm.nih.gov/object/PRJNA638039). Additional Supplemental files 

(File S1-S3) are available from Mendeley Data at 

(http://dx.doi.org/10.17632/35g7t55h4c.1). 
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Fig. 4.1 Multiplex RPA workflow for SARS-CoV-2 detection and Nanopore sequencing.  

a, Schematic representation of NIRVANA. RNA samples were subjected to reverse 

transcription, followed by multiplex RPA to amplify multiple regions of the SARS-CoV-2 

genome. The amplicons were purified and prepared to the Nanopore library using an 

optimized barcoding library preparation protocol. In the end, the sequencing was 

performed in the pocket-sized Nanopore MinION sequencer and sequencing results 

were analyzed by our algorithm termed RTNano on the fly. 

b, The RPA primers used in this study were plotted in the SARS-CoV-2 genome. The RPA 

amplicons are highlighted in red. The corresponding prevalent variants were labeled 

under the genome.  

c, Agarose gel electrophoresis results of multiplex RPA. All of the five amplicons were 

shown in the gel with correct size (asterisks, note that pair 5 and 13 have similar sizes). 

The no template control (NTC) showed a different pattern of non-specific amplicons. M: 

molecular size marker. 

d, IGV plots showing Nanopore sequencing read coverage of the SARS-CoV-2 genome. 

All samples showed reads covering all of the targeted regions.  

e, Pipeline of RTNano real-time analysis. RTNano monitors the Nanopore MinION 

sequencing output folder. Once newly generated fastq files are detected, it moves the 

files to the analyzing folder and makes a new folder for each sample. If the Nanopore 

demultiplexing tool guppy is provided, RTNano will do additional demultiplexing to 

make sure reads are correctly classified. The analysis will align reads to the SARS-CoV-2 

reference genome, filter, and count alignment records, and assign result mark (POS, 
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NEG or UNK) for each sample. As sequencing proceeds, RTNano will merge the newly 

analyzed results with existing ones to update the current sequencing statistics. 
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Fig. 4.2 Agarose gel electrophoresis results of singleplex RPA. 

a, Agarose gel electrophoresis results of singleplex RPA with selected primers shown 

next a molecular size marker. The amplicons range from 194 bp to 466 bp. 

b, Agarose gel electrophoresis results of restriction enzyme digestion. The amplicon of 

pair 5 was digested by SpeI while the others were digested by NlaIII. The digested DNA 

bands (asterisks) were of expected sizes. 

c, Agarose gel electrophoresis results showing the sensitivity of RPA in amplifying the 

SARS-CoV-2 genome. Primer pair 4 was used in the experiment. Reliable amplification 

can be achieved with 1.4 copies (calculated from dilution) of the SARS-CoV-2 genome.  

d, Agarose gel electrophoresis result of one-pot reverse transcription and RPA reaction 

using primer pair 4.  
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Fig. 4.3 Real-time detection of multiple viral pathogens and mutational analysis of SARS-

CoV-2. 

a, Experimental design of multiple virus detection by one-pot NIRVANA. A mixture of 

SARS-CoV-2+ and Respiratory21+ samples was used as positive control to adjust the 

primer concentration. The final primer mix could amplify all targeted viral regions. 

b, The sequencing throughput of 60 clinical samples (1-60) and NTC (61). A total of 6.3 

million reads were acquired in a 24-hour sequencing run. 

c, CT values of potentially false-negative samples by RTNano analysis. The average CT 

value of the N1 assay was indicated by the blue line. 

d, The average rRT-PCR CT values of SARS-CoV-2 RTNano+ samples (PCR+ of both N1 and 

N2 assays) of different confidence level using 9-amplicon NIRVANA. The sample number 

is shown in red under the graph. RTNano confidence level inversely correlates with CT 

value. 

e, IGV plots showing the read alignment to the SARS-CoV-2, ACTB, and FluA amplicon in 

sample 46 using 9-amplicon NIRVANA. 

f, The SNVs detected in multiplex RPA sequencing and their position as shown in the 

Nextstrain data portal (Nextstrain.org). A total of 16 SNVs were detected from 10 SARS-

CoV-2 positive samples.  
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Supplemental figures 
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Fig. S4.1 Sequencing analysis of multiplex RPA. 

a, The read length distribution and throughput of ten SAR-CoV-2+ sample sequencing.  

b, The read number for each amplicon in the sequencing of ten SAR-CoV-2+ samples. All 

amplicons were covered by reads. 

c, The read number for each amplicon in the trial sequencing of multiplex RPA of SARS-

CoV-2 and ACTB. Sample 01 is used as RPA template to determine the primer 

concentration in two trials (sample01_1 and sample01_2). Sample 02 is used in a repeat 

trial using the same primer mix as sample01_2. 

d, The IGV alignment plot showing robust amplification of PMMoV with SARS-CoV-2. A 

SARS-CoV-2+ sample (S4) was used as input sample in two trials with different primer 

concentration. 

e, The CT values of FluA+ samples in Resp’EasyTM and IDT FluA assays. 

f, The average rRT-PCR CT values of SARS-CoV-2 RTNano+ samples (PCR+ of both N1 and 

N2 primers) of different confidence level using 7-amplicon NIRVANA. 

g, IGV plots showing the read alignment to SARS-CoV-2, ACTB and FluA amplicon in 

sample 58 using 7-amplicon NIRVANA. 
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Fig. S4.2 Validation of SNVs detected by NIRVANA. 

a, IGV plots showing the nt28144 T/C SNV in samples 01-03 from RPA and RT-PCR 

Nanopore sequencing. The blue bar represents the C base while the red bar represents 

the T base. All of the 3 SNVs detected in RPA sequencing were confirmed by RT-PCR 

amplicon sequencing. 

b, Equipment used in NIRVANA. The whole workflow can be done with one laptop, one 

Nanopore MinION sequencer, two pipettes, two boxes of pipette tips, and a heating 

block (using a miniPCR™ mini16 here). All equipment can be packed into a suitcase.  
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Table S4.1 Primers used in NIRVANA. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S4.2 Sample classification rules in RTNano analysis. 
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Chapter 5 

Discussion 

5.1 Overall discussion and conclusions 

Long-read DNA sequencing technologies are increasingly being applied to 

multidisciplinary fields to decode complex genetic sequences. Though the sequencing 

chemistry and base calling algorithm are actively developed, the accuracy of current 

long-read sequencing is still considerably low and not capable for specific applications. 

In this dissertation, we made a series of developments of long-read sequencing related 

methods to enable accurate variant detection and quantification, and facilitate its 

application in real-time pathogen detection. 

 

In Chapter 2, we report a novel method, using molecular barcoding, for highly 

quantitative and sensitive assessment of various types of rare genetic variations by next-

generation and third-generation sequencing. Our method includes two parts, IDMseq 

(Individual DNA Molecule sequencing) and VAULT (Variant Analysis with UMI for Long-

read Technology), that can be adapted to all current sequencing platforms, such as 

Illumina, Oxford Nanopore, and PacBio. Our strategy enables base-resolution haplotype-

resolved quantitative characterization of various genetic variations such as the on-target 

mutagenesis induced by CRISPR-Cas9. It also reveals and quantitates persistent 

nonrandom large deletions and insertions following CRISPR-Cas9 genome editing in 

human ESCs. 
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We use this unbiased quantitative method to fully characterize the frequency and 

molecular feature of the DNA repair outcomes of Cas9 editing. We show that Cas9 

cleavage induced SVs in a few percent (2.6-5.6%) of edited hESCs. We find that a 

significant number of SVs (up to 87%) were reoccurring deletions and insertions. These 

data provide the first quantitative evidence of nonrandom repair outcome of Cas9 

cutting and hotspots for Cas9-induced large deletions and insertions.  

 

IDMseq and VAULT enable quantitation and haplotyping of both small and large variants 

at the subclonal level. They are easy to implement and compatible with all current 

sequencing platforms, which should facilitate adoption in different applications. IDMseq 

could facilitate the safe use of the CRISPR technology in the clinic. The high sensitivity 

afforded by IDMseq and VAULT may be useful for early cancer detection using 

circulating tumor DNA or detection of minimal residual disease. IDMseq is accurate in 

profiling rare somatic mutations, which could aid the study of genetic heterogeneity in 

tumors or aging tissues.  

 

In Chapter 3, we develop a novel method, termed single-cell individual Mitochondrial 

Genome sequencing (iMiGseq), to enable high-throughput base-resolution analysis of 

individual mtDNA in single cells. Nanopore-based iMiGseq provides ultra-long reads 

covering the 16.5kb full-length mtDNA, which contains unique molecular identifiers 

(UMIs) that allows ultra-sensitive variant detection, complete haplotyping, and 

enumeration of thousands of original mtDNA in single mouse and human oocytes. 
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Through iMiGseq of 2 human cell lines, 6 single oocytes from 2 mouse strains and 6 

single human oocytes, our results show that most unique mtDNA variants in cells are 

rare and well below the current 1% detection limit, of which numerous variants are 

deleterious and associated with late-onset mitochondrial disease and cancer. They 

suggest that a hitherto underestimated population of rare somatic mtDNA variants exist 

in the female germline. The analysis of oocytes from the same female mouse shows 

ultra-rare detrimental variants can accumulate and increase frequencies to above 1% 

during oogenesis. It is conceivable that some rare detrimental variants can resurface 

and become high-level heteroplasmic variants in human pedigrees, and contribute to 

the development of complex diseases during aging. 

 

iMiGseq provides thousands of haplotype-resolved mitochondrial genomes from single 

cells. It reveals the linkage of rare heteroplasmic mutations and allows the study of the 

linkage between mtDNA mutations. Phylogenetic trees constructed based on 

haplotypes of individual mtDNA shows evidence of sequential acquisition of de novo 

mutations in individual mtDNA (that are rare and negligent by population-level analysis). 

As such, iMiGseq could offer new opportunities to follow the dynamics of such 

mutations during development and aging in hope of deciphering the emergence of 

disease-causing mutations and understanding their clinical significance.  
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The sequencing of mitochondrial disease patient derived cells shows that iMiGseq not 

only accurately reports the heteroplasmy level of the disease-causing variant, but also 

provides a comprehensive characterization of all types of mtDNA mutations, including 

SNVs and large structural variants, and their genetic linkage with high sensitivity and 

specificity. iMiGseq can uncover the deleterious variants that are potentially neglected 

by current technologies.  

 

Since iMiGseq enables quantitative base-resolution haplotype-resolved analysis of 

thousands of mtDNA in single cells for the first time, it offers an unprecedented 

opportunity for preimplantation genetic diagnosis (PGD) of prevalent mitochondrial 

diseases (~1 in 5000). iMiGseq could be used to analyze mtDNA mutational load in single 

biopsied blastomeres to faithfully represent the heteroplasmy level of in vitro fertilized 

embryos. Besides the germline, it is logical to extend iMiGseq technology to somatic 

tissues to unravel the direction of causality between mtDNA mutations and aging and 

complex diseases in the future. Similarly, because iMiGseq works for different species 

and cell types, we expect it to be widely applicable to many fields for the study of this 

ancient organelle that energizes most life forms on earth.  

 

In Chapter 4, we describe a method for multiplex isothermal amplification-based 

sequencing and real-time analysis of multiple viral genomes, termed NIRVANA 

(Nanopore sequencing of Isothermal Rapid Viral Amplification for Near real-time 

Analysis). This method can simultaneously detect SARS-CoV-2 and three co-infecting 
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respiratory viruses (influenza A, human adenovirus, and human coronavirus), and 

monitor mutations for up to 96 samples in real time. The detection of SARS-CoV-2 is 

based on five distinct regions of the viral genome, thus making the result highly reliable. 

The data processing algorithm of NIRVANA, termed RTNano, performs on-the-fly 

analysis during Nanopore sequencing and detects pathogens in patient samples within 

15 minutes. 

 

RTNano detects multiple single nucleotide variants (SNVs) in SARS-CoV-2 positive 

samples. Those variants are further confirmed by conventional RT-PCR amplicon 

sequencing using both Nanopore and Illumina platforms. As compared to the Oxford 

Nanopore’s official method termed LAMPore (James et al., 2020), which is based on RT-

LAMP, and has been granted the CE-IVD mark to be used in in vitro diagnosis of SARS-

CoV-2, NIRVANA offers several advantages including longer amplicons and higher level 

of multiplexing. LAMPore uses short amplicons (~80 bp), and 50% of the amplicon is 

consumed by primer sequences. Thus, the read alignment may be more prone to 

amplification artifacts that may lead to false positives. In NIRVANA, significantly longer 

amplicons (up to 466 bp in this study) combined with alignment record filters effectively 

eliminate amplification artifacts, thus offering superior accuracy. In addition, LAMP-

based LAMPore requires ≥ 4 primers to amplify one amplicon, which is challenging for 

multiplexing and has not been shown to be able to detect multiple viruses. In contrast, 

RPA-based NIRVANA is able to amplify and detect nine amplicons in one pot.  
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Taken together, NIRVANA provides high-confidence detection of both SARS-CoV-2 and 

other respiratory viruses, and mutation surveillance of SARS-CoV-2 on the fly. The whole 

workflow can be as short as 3.5 hours. All molecular biology reactions in the workflow 

can be done in a simple heating block, and all necessary supplies fit into a briefcase. The 

framework of NIRVANA was built with flexibility of detecting other viruses by changing 

primers. We expect it to provide a rapid field-deployable solution of COVID-19 and co-

infection detection and surveillance of the evolution of pandemic strains. 

 

5.2 Future work 

Though the developments of IDMseq, iMiGseq and NIRVANA help to address several 

issues in the corresponding fields as previously discussed, there are still some 

improvements that can be further investigated to enhance their performance. 

 

IDMseq and iMiGseq in their current forms only sequence one strand of the DNA 

duplex. Their performance may be further improved by sequencing both strands of the 

duplex. VAULT data analysis algorithm currently adopts a slow algorithm to extract UMI 

grouped reads from large fastq files, which consumes most of the analyzing time and 

drags the processing speed. Further improvements can be done to increase the read 

extraction speed. In the current NIRVANA pipeline, reverse transcription of viral RNA 

and RPA amplification are separated processes. Further developments can be 

performed to combine the two reactions in one step. The multiplex library preparation 
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protocol is time-consuming in NIRVANA, further developments can be done to simplify 

this process. 
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