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ABSTRACT 

The ability to conduct and read-out assays in high-throughput is a powerful tool 

for studying complex biological systems. For example, fluorescence activated cell 

sorting, which enables high-throughput assays of cellular markers on single cells by 

fluorescent staining has been instrumental to understanding the immune system. 

Although fluorescence can be a powerful readout for high-throughput assays, it also has 

significant drawbacks. First, a fluorescent assay must be available for the target of 

interest, and second, only a few different assays can be used at once, owing to the 

limited spectrum available to fluorophores and detectors. In my dissertation, I develop a 

novel method of high-throughput assay readout using massively parallel DNA 

sequencing and droplet microfluidics. By conducting assays inside picoliter sized 

droplets generated using microfluidic channels, molecular biology assays that generate 

nucleic acids as a readout can be performed at kHz throughput. By uniquely barcoding 

the nucleic acids in each droplet, the results of each individual assay can be read in 

parallel using in a massively parallel sequencer. With this approach, I develop a method 

of deep sequencing single molecules and a method of sequencing single cell genomes 

at low-coverage, to generate highly accurate and haplotyped long DNA sequence reads 

and characterize diverse microbial populations in an unprecedented manner, 

respectively. 
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Chapter 1: Background and Introduction 

1.1 High-throughput assays in biological research 

The process of evolution has gifted this world a fascinating array of complex biological 

phenomena. Evolution is random, therefore the biological phenomena it produces are 

unpredictable (Bonner, 1988). In the face unpredictability, logic and theory in absence of 

data can only take us so far; the scientific investigation of biology then, is first and 

foremost driven by experimental evidence. If obtaining experimental evidence is the 

main work of researchers of biology, then rapidly iterating through experimental assays 

(high-throughput assaying) would significantly improve his/her effectiveness. Indeed 

high-throughput assays is a cornerstone of biological research and has enabled 

important discoveries, such as the discovery of novel drug candidates(Feng et al., 

2007), novel cell types in the human body(Mosmann and Sad, 1996), novel useful 

enzymes (Olsen et al., 2000), and molecular structures of proteins (Stevens, 2000). 

The defining characteristic of high-throughput assays is the confinement of an assay in 

a way that a multitude of similar assays can be performed rapidly in a systematic 

manner. For example, in high-throughput drug screening (figure 1.1), cells are confined 

into wells on a plate where pipetting robots are used to add drug candidates to each 

well; each well is then assayed for response to these drugs (Burns et al., 2006). For 

another example, in functional metagenomics screening, potential enzyme coding DNA 

segments are randomly inserted into a large population of cells. Each cell is then 

screened for enzyme activity by searching for colorimetric response in colonies on a 

plate (figure 1.2) (Uchiyama and Miyazaki, 2009) or for fluorometric response of single 
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cells in a cell sorter (Yun and Ryu, 2005). Regardless of the exact method, all high-

throughput assays involve confinement of an assay to a small volume and a method to 

rapidly interrogate the confined assays. 

 

Figure 1.1 An example a high-throughput assay. Pipetting robots are used to 

reproducibly mix reagents in well plates. 

 

Figure 1.2 An example a high-throughput assay. Each bacterial cell colony on a plate of 

thousands of colonies can be used as containers for an individual assays.  
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1.2 Brief introduction to droplet microfluidics 

Microfluidics is a field of research characterized by controlling fluids at the microscale, 

where the fluid flow is usually in the low Reynald’s number regime, hence all fluid flow is 

essentially laminar (Squires and Quake, 2005). Droplet microfluidics is a subfield of 

microfluidics that utilizes the generation of monodisperse droplets (figure 1.3) resulting 

from flowing of two immiscible phases at defined geometries (Thorsen et al., 2001). 

These droplets are stabilized by surfactants and can be used to conduct chemical and 

biological reactions in a tiny confined volume (Teh et al., 2008). Millions of droplets can 

be incubated in a test tube, acting as millions of individual compartments, or they can be 

manipulated using specially designed microfluidic devices. Microfluidic devices have 

been designed for adding reagents to (Abate et al., 2010a), splitting (Link et al., 2004), 

merging (Ahn et al., 2006), and sorting (Abate et al., 2010b) droplets. The combination 

of these functionalities enable many biochemical workflows to be conducted inside the 

droplets, make droplet microfluidics a potent platform for conducting high-throughput 

assays.   

 

Figure 1.3. Monodisperse water-in-oil droplets generated using droplet microfluidics.  
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1.3 Droplet microfluidics as a platform for high-throughput biological assays 

Droplet microfluidics, with its ability to generate millions of confined volumes for 

biochemical reactions lends itself naturally to conducting high-throughput assays in 

biology. Using just a droplet maker, droplets can be generated and used to screen large 

arrays of conditions for protein crystallography (Zheng et al., 2003). By adding a droplet 

sorter, which sort droplets based on fluorescence, single molecules, enzymes, and cells 

can be screened based on a fluorimetric assay (Agresti et al., 2010; Fallah-Araghi et al., 

2012; Hindson et al., 2011). While these two methods constitute the major forms of 

high-throughput droplet assays demonstrated thus far, droplet microfluidics assays can 

also be combined with massively parallel DNA sequencing as a readout. 

 

1.4 Brief introduction to massively parallel DNA sequencing 

Massively parallel DNA sequencing, also called Next Generation Sequencing, is a 

recent development that has revolutionized biological research by enabling cost-

effective sequencing of millions to billions of short DNA sequences in parallel (Metzker, 

2010).  To sequence DNA, it is first chopped up into small fragments <1kb long, then 

sequence specific adaptors are added to the ends of the fragments. These adaptor-

added fragments are then loaded into a sequencer where all fragments are sequenced 

in parallel using a sequencing by synthesis chemistry(Shendure and Ji, 2008), resulting 

in millions to billions of short DNA sequences in a single run. Massively parallel 

sequencing has enabled rapid sequencing of whole genomes and metagenomes 

(Afshinnekoo et al., 2015; Smith et al., 2008). Furthermore, it is an excellent counting 
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tool for DNA and RNA, enabling whole transcriptome profiling (Mortazavi et al., 2008) 

and accurate enumeration of target sequences as the read out of an assay (Romero et 

al., 2015).  

The key to the success of massively parallel sequencing is the ability to generate a 

massive amounts of data at once. The output capacity of a massively parallel 

sequencer is often so large that multiple samples and experiments can be sequenced in 

parallel in a single run. Here, the use of molecular indices or barcodes have been 

instrumental to the efficient use of sequencing capacity. Unique DNA sequence 

adaptors (barcodes) are added onto the DNA fragments to be sequenced so that the 

barcode sequence is read out along with the sequence of the fragment. Sequence 

fragments associated with the same barcode sequence are presumed to belong to the 

same sample (Smith et al., 2010). Hence, barcoding is the key to using massively 

parallel DNA sequencing as the read-out of high-throughput assays. For example, by 

barcoding the genomes of 100 cells for massively parallel sequencing, researchers 

were able to glimpse the clonal evolutionary signature of breast cancer tumor(Potter et 

al., 2013).  

 

1.5 Massively parallel sequencing as read-out for droplet microfluidics assays 

Although droplet microfluidics can rapidly generate millions of individual confined 

reactions, the practical throughput of droplet microfluidic assays is often much lower. 

This is because obtaining a read-out for each droplet is often more difficult than 

generating them in the first place. The advent of massively parallel sequencing opens 



6 
 

up new opportunities for high-throughput droplet microfluidics assays because using 

massively parallel sequencing, every droplet can be assayed in parallel, thus avoiding 

the bottleneck inherent in assaying each single droplet using conventional methods. 

However, to use massively parallel sequencing as a read out, the contents in each 

droplet must be uniquely barcoded prior to sequencing. However, the ability to barcode 

tens of thousands of samples for sequencing has not yet been demonstrated. In my 

dissertation, I develop a method to uniquely barcode hundreds of thousands of droplets 

for massively parallel sequencing, and I use this method to achieve ultrahigh-throughput 

sequencing of single molecules and single cells. 
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Chapter 2: Droplet barcode libraries for ultrahigh throughput barcoding 

Molecular barcoding is the essential element of massively parallel sequencing 

that allows the sequencing of multiple samples in one run. However, to sequence tens 

of thousands of samples in parallel in a droplet microfluidic workflow requires at least 

tens of thousands of molecular barcodes that can be used to uniquely identify each 

sample. In this chapter, I develop a cost-effective and rapid method of generating 

millions of unique molecular barcodes capable of uniquely labelling millions of droplets 

in a droplet microfluidic workflow. 

 

2.1. Motivation 

Droplet microfluidics is a promising novel platform technology for conducting high-

throughput assays. With its ability to generate millions of small compartments of 

biochemical reactions, it can be revolutionary for the throughput of high-throughput 

assays. Whereas conducting hundreds to thousands of assays would be considered a 

high-throughput by current standards, up to millions of assays at a time should be 

attainable using droplet microfluidics, in what I call “ultrahigh-throughput assays”. For 

example, using droplet microfluidics, drugs can be screened at more than 10,000 

dosage conditions at a time, a two order of magnitude improvement over current 

standards (Miller et al., 2012). Despite its enormous potential, successful 

demonstrations of droplet microfluidic ultrahigh-throughput assays have been limited in 

scope. This is because while it is easy to generate millions of droplet assays, generating 

a readout from each droplet has been difficult. Generally, fluorometric readouts is the 
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method of choice to assay droplets, but fluorometric readouts are limited by the 

availability of a suitable fluorogenic assay and in cases requiring multiple fluorophores, 

the optical spectrum available to distinguish between multiple signals. A more powerful 

method of readout is massively parallel sequencing, because every droplet can be 

assayed in parallel and the number of assays is virtually unlimited. However, to 

sequence the contents of every droplet in parallel, its contents must be uniquely 

barcoded prior to sequencing. Therefore, a method of barcoding droplets at ultrahigh-

throughput must be developed before massively parallel sequencing can be used as a 

readout for droplet microfluidic assays. 

 

2.2 Barcoding in massively parallel sequencing 

The use of molecular indices or barcodes is essential to sequencing multiple 

samples in one run, thereby fully utilizing the output capacity of a massively parallel 

sequencer. Barcodes are typically defined sequences of 8-10 bases which comprise 

part of the adaptors which are added to DNA fragments before sequencing. Commonly 

used methods to add barcoded adaptors are using PCR with primers containing 5’ 

overhang (figure 2.1), or by ligation of double stranded barcoded adaptor sequences 

(figure 2.2). In both cases, high concentration and purity of barcoded adaptor DNA, 

which is obtained through chemical synthesis of the DNA oligomers, is required. 
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Figure 2.1 PCR method of attaching barcodes to fragments for sequencing. PCR 

primers containing barcode and adaptor sequence can be used to amplify the fragment 

in order to attach barcode sequences.  

 

Figure 2.2 Ligation method of attaching barcodes to fragments for sequencing. Double 

stranded adaptor DNA containing barcode sequences can be ligated to fragments in 

order to attach barcodes. 

 

2.3 Ultrahigh-throughput barcoding in droplets 

In typical barcoding methodologies, chemical synthesis of barcoded adaptors is 

required for each unique barcode. This strategy is unpractical for barcoding at ultra-high 

throughput because the cost of chemically synthesizing millions of unique barcoded 

adaptor sequences individually is exceedingly high. An alternative approach is required 

to enable barcoding at ultrahigh-throughput. To this end, I develop a hybrid chemical 

synthesis and enzymatic amplification in droplets strategy that can generate millions of 

clonal pools of unique barcode sequences in what I call a droplet barcode library. 
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2.4 Generating a droplet barcode library 

Barcode molecules consisting of 15 random N-mers flanked by constant 

sequences are chemically synthesized generating a single pool of single stranded DNA 

molecules with 415 diversity. To generate a droplet barcode library, these molecules are 

individually encapsulated at a limiting dilution of ~1 in 10 droplets using a microfluidic 

droplet maker with PCR reagents for amplification (figure 2.3). Barcode molecules 

distribute among the droplets following a Poisson distribution: ~ 90% of droplets contain 

no barcodes, ~ 9% of droplets contain one unique barcode, and ~1% of droplets contain 

multiple barcodes. The droplets are thermally cycled, generating within each loaded 

droplet a clonal population of amplified product; these droplets can then be merged with 

target droplets to introduce unique barcodes. Using this approach, I generate ~10 

million barcode droplets in < 1 hour for ~$10 of PCR reagent, which is sufficient to 

barcode ~1 million templates in the SMDB workflow. 

Figure 2.3 Schematic depiction of generating a digital droplet barcode library. Barcode 

droplets are stained with SYBR green for visualization. 

 

2.5 Attaching barcodes to DNA fragments 
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To uniquely label DNA fragments, the barcode sequences must be attached to the 

fragments as a part of the sequencing adaptor.  To accomplish this, I merge a droplet 

from the barcode droplet library with a droplet containing fragments to be barcoded 

using a droplet merger junction (Ahn et al., 2006). These fragments must contain 

universal sequence adaptors on either ends, which can be accomplished through 

adaptor ligation or transposase tagmentation (Picelli et al., 2014). Once barcodes and 

fragments are present in the same merged droplet, I attach barcodes to fragments using 

sequence overlap extension PCR, where sequence overlap regions between the 

barcodes and the constant sequence adaptor on the fragments are used to splice 

together the two molecules during PCR (Horton et al., 1989). 

 

2.6 Sequence diversity of the droplet barcode library  

Because barcode sequences are random, it is possible for two barcodes of the same 

sequence to be randomly sampled to label two different templates. The probability of 

this event happening is represented by equation 2.1 where n is the number of barcodes 

sampled from a sequence space of N possible sequences, and is diminishingly small for 

a sequence space that is sparsely sampled. 

1 − 
!

!
    Equation 2.1 

This equation is computationally intractable for large N, therefore, to determine the 

likelihood of such an event in the droplet barcode library, I conduct in in silico 

simulations of the random barcode selection process (figure 2.4). I find that the 

likelihood of this undesirable event is extremely low for barcodes of sufficient length.  
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Figure 2.4 Probability of generating two barcode droplets with the same barcode 

derived using computer simulations. 

 

2.7 Barcode mutations during PCR amplification 

During PCR amplification and sequencing of the barcodes, errors and mutations 

generate a cloud of related sequences around the original barcode sequence. By 

sequencing the barcode library, I find that the original barcode sequences are on 

average three Hamming distances away from their nearest neighbor, while the 

sequences within the “cloud” of mutated barcodes around each original barcode are, on 

average, only 1 Hamming distance from their nearest neighbor (figure 2.5). However, 

the mutated barcodes typically comprise < 5% of all reads and do not represent a 

significant source of inefficiency. To address this issue, I cluster the mutated barcodes 

and their parent sequences into a single “barcode group” using a depth first search 

algorithm.  



15 
 

 

Figure 2.5 Hamming distances between 1000 randomly sampled barcodes and their 

closest Hamming neighbors before and after clustering mutated barcodes. Green line 

represents real data, blue dashed line represents simulations based on random 

sampling. 

 

2.8 Algorithm to cluster all barcodes with their 1 Hamming distance neighbors 

Given the assumption that all PCR mutations of an original barcode are connected 

to the original barcode by single base-pair mutations, the original barcode and all its 

mutant forms can be found by a depth first search algorithm as follows: 

1. All unclustered barcodes are stored as a hashed set. 

2. Take one barcode from the set, generate a set of all sequences that are 1 

Hamming distance away. (There should be n x 3 sequences where n is the 

length of the barcode). 

3. Search the set of unclustered barcodes for any of the set of sequences 

generated above. 

4. Store the original barcode and 1 Hammings distance barcodes that are present 

in a new cluster. 
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5. For every barcode added to a new cluster, repeat steps 2 – 3 for that barcode 

and store the barcodes that are 1 hammings distance away into the new cluster. 

6. Repeat from step 2 until the set of unclustered barcodes are empty. 

This algorithm runs in linear time and is implemented in python using dictionaries as 

hashed sets. The rapid nature of dictionary lookup in Python results in fast runtimes. 

 

2.9 Uneven amplification of barcodes during PCR 

The stochasticity involved in amplification of single molecules results in some 

droplets in the barcode library amplifying faster than others. The consequence of 

uneven amplification is differences in barcoding efficiency, which translates to 

unevenness of representation of barcode groups in the resultant sequencing reads 

(figure 2.6). 

 

Figure 2.6 Lorenz curve of barcode representation in barcoded sequencing output. 
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To investigate the effects of PCR cycles and primer concentration on the 

unevenness of amplification, I sequence droplet barcode libraries generated using 20, 

30, and 40 cycles of PCR and 400nM, 40nM and 4nM primers and plot Lorenz curves 

for each library (figure 2.7). Droplet barcode libraries generated with 40 PCR cycles are 

less biased compared to those generated with less cycles. This is likely because at 40 

PCR cycles, the primers in most droplets have been used up and are thus unable to 

generate more PCR products, allowing droplets that are slower to amplify to catch up to 

the “PCR-saturated” droplets. Interestingly, reducing the primer concentrations, which in 

theory should result in “PCR-saturated” droplets with less PCR cycles, actually result in 

more biased libraries. A possible explanation is that at lower starting primer 

concentrations, the stochastic amplification of single molecules becomes less likely, 

thus resulting in an even wider gap in amplification rate between droplets. 

 

Figure 2.7 Lorenz curves of droplet barcodes generated under different PCR conditions. 
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2.10 Conclusions  

The droplet barcode library can be cheaply generated requiring only PCR 

reagents, chemically synthesized oligonucleotides, and a microfluidic droplet maker. 

Using a random 15 nucleotide sequence as the barcode results in a vast sequence 

space where it is highly unlikely to resample the same barcode sequence twice in any 

given barcode library. Mutated barcodes can be re-associated with the original 

barcodes through a fast computational algorithm. Evenness of amplification can be 

ensured by “PCR-saturating” the droplets through many cycles of PCR. In the following 

chapters, I will use the droplet barcode library to develop useful ultrahigh-throughput 

droplet sequencing assays. 
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Chapter 3: Barcoding single molecules of DNA for long read 

sequencing 

The ability to accurately sequence long DNA molecules is important across biology, 

but existing sequencers are limited in read length and accuracy. In this chapter, I 

describe a method, using ultrahigh-throughput droplet barcoding, to leverage short read 

sequencing to obtain long and accurate reads. Using droplet microfluidics, I isolate, 

amplify, fragment, and barcode single DNA molecules in aqueous picoliter droplets, 

allowing the full-length molecules to be sequenced with multi-fold coverage using short-

read sequencing.  I show that this approach can provide accurate sequences of up to 

10 kilobases, allowing us to identify rare mutations below the detection limit of 

conventional sequencing and directly link them into haplotypes. This barcoding 

methodology can be a powerful tool in sequencing heterogeneous populations such as 

viruses. 

 

3.1 Motivation 

Massively parallel sequencing, also called Next Generation Sequencing (NGS), has 

tremendously impacted biomedical research due to its ability to acquire massive 

amounts of sequence data (Metzker, 2010; Shendure and Ji, 2008). Currently, the most 

widely adopted sequencing platform produces billions of short (<250bp) reads at a low 

cost of ~$50 per billion bases. However, short NGS reads pose challenges for many 

applications. For instance, piecing together short reads into long contiguous sequences 

can be challenging when assembling new genomes, particularly when repetitive 

sequences are present (Li et al., 2010; Nagarajan and Pop, 2013). When sequencing 
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metagenomes comprising thousands of species, it is often impossible to assemble the 

short reads into longer sequences that allow discovery of useful information, such as 

identification of the species to which a sequence belongs, or detection of gene clusters 

encoding useful molecules or phenotypes (Saeed et al., 2011; Wommack et al., 2008; 

Wooley and Ye, 2009). Furthermore, NGS is error-prone, generating an error in every 

thousand bases; this is often above the rate of biological variation and, consequently, 

prevents detection of true variants within the cloud of sequencing error (Bansal, 2010; 

Nielsen et al., 2011). The ability to obtain massive amounts of long and accurate reads 

would thus be a major step forward in our ability to characterize genomes accurately, 

and to study the impact of sequence variation in a variety of systems, such as in rapidly 

evolving virus populations (Acevedo et al., 2014), rare polymorphisms in human 

populations (Tennessen et al., 2012), and diverse and uncultivable species in microbial 

communities (Scholz et al., 2012). 

 

3.2 Methods to obtain long and accurate reads 

To obtain longer and more accurate reads, one approach is to directly improve the 

sequencing instrument (Chin et al., 2013; Laszlo et al., 2014). In addition to providing 

accurate reads, the instrument must be widely available, easy to use, and cost-

competitive. Currently, no platform can match short-read NGS in these aspects and as 

such, short read sequencers dominate the market. Rather than inventing a new 

sequencing instrument, an alternative is to synthetically reconstruct long reads from 

short read data, leveraging the widespread popularity of short read NGS. An elegant 

approach is using unique molecular barcodes, which were first used to detect duplicated 
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NGS reads for error correction, and digital counting of molecules(Casbon et al., 2011; 

Kinde et al., 2011). To reconstruct long reads using molecular barcodes, long template 

molecules are broken into short fragments and labeled with “barcode” sequences 

identifying the template from which they originate(Amini et al., 2014; Hiatt et al., 2010; 

Kuleshov et al., 2014; Lundin et al., 2013). All short fragments can then be pooled and 

sequenced, and fragments of individual templates grouped by barcode. The reads in 

each group are then used to reconstruct synthetic long reads. Implementations of this 

approach rely on intramolecular reactions to attach barcodes to the fragments; however, 

this reaction becomes inefficient for templates above 3 kb. Alternatively, molecules can 

be physically isolated into wells, followed by fragmentation and barcoding. This 

approach can theoretically be extended to molecules of any length, but is limited in the 

number of templates that can be sequenced due to the limitations in throughput of liquid 

handling in well plates. Throughput can be increased by barcoding multiple templates in 

each well, but then single-molecule identity is lost (Amini et al., 2014; Kuleshov et al., 

2014). To enable long and accurate DNA sequencing, an optimal approach would 

combine physical isolation of molecules with ultrahigh-throughput fluid handling. 

To this end, I describe Single Molecule Droplet Barcoding (SMDB), an ultrahigh-

throughput method to barcode long molecules for short read sequencing. Using droplet 

microfluidics, I isolate and barcode single molecules in aqueous droplets, which enables 

massively parallel sequencing of these single molecules at multi-fold coverage. To 

validate the method, I sequence a library of known DNA templates of 3-5 kb long and 

reconstruct long reads fully covering the templates. To demonstrate the ability to 

sequence large DNA molecules, I apply the method to the E. coli genome, obtaining 
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synthetic read-lengths up to 10 kb in length. Finally, to illustrate the power of the method 

for detecting variants below the detection limit of conventional sequencing, I apply it to a 

library of β-glucosidase genes mutated by PCR. While SMDB detects 457 SNPs in 81 

haplotypes in the library, conventional short read sequencing detects only one SNP and 

cannot generate haplotypes. The ability to characterize variants and haplotypes below 

the inherent detection limit of the sequencer should be powerful for studying systems in 

which rare variants play an important role, such as in microbial community dynamics 

and viral quasispecies.  

 

3.3 Development of single molecule droplet barcoding workflow (SMDB) 

Single Molecule Droplet Barcoding (SMDB) is an ultrahigh-throughput method to 

barcode long molecules for short read sequencing. In SMDB, I use droplet microfluidics 

barcode fragments of single DNA molecules, performing all steps of template 

amplification, fragmentation, and barcoding in a microfluidic workflow (Fig. 3.1). DNA 

barcodes uniquely tag all reads derived from a template, which allows the reads to be 

unambiguously clustered to generate a long and accurate consensus sequence for the 
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template. 

 

Figure 3.1 Overview of SMDB workflow. 

 

3.3.1 Template encapsulation and amplification 

The first step of SMDB is to isolate and amplify the template molecules, which is 

accomplished by introducing them into a microfluidic flow focus droplet generator that 

encapsulates them in ~50 µm diameter droplets of PCR reagent (Fig. 3.2). The template 

concentration is controlled so that ~1 in 10 droplets contains a single molecule, in 

accordance with Poisson statistics(Hindson et al., 2011). The droplets are collected into 

a PCR tube and thermal cycled for amplification, generating within each droplet a clonal 

population of the single molecules so that, once fragmented and barcoded, I can obtain 

multi-fold coverage of each template. 



24 
 

 

Figure 3.2 Template encapsulation and amplification for SMDB. A flow focus drop 

maker is used to encapsulate single templates into droplets. Inside droplets, PCR or 

MDA is used to clonally amplify the single template.  Scale bars represent 100 µm.  

 

3.3.2 Template Fragmentation 

Following amplification, the templates must be fragmented to a length compatible 

with short-read sequencing. Importantly, fragmentation must be performed while 

maintaining compartmentalization, to prevent pieces of different templates from mixing 

before barcodes have been attached. To fragment in the droplets, I use a microfluidic 

device to add Tn5 transposase into each droplet, which randomly fragments and 

attaches short sequences to the amplified templates(Adey et al., 2010). Because 

transposases are single-turnover enzymes, an optimal stoichiometric ratio of 

transposase to templates must be maintained with a 10-fold dilution of the template 

droplet into the fragmentation droplet. To address this need, I develop a module 

combining droplet splitting and merging (Fig. 3.3). The incoming droplets pass through a 

junction sampling ~1/10th of their volume which is then merged with a new droplet ~ 

equal to the size of the original droplet. This device accomplishes the necessary tasks 



25 
 

of diluting the starting droplet and adding the new reagent, while maintaining the droplet 

size constant throughout the process. After the transposase is added, the droplets are 

collected into a syringe and incubated in a water bath at 55°C for the transposase 

reaction. 

 

Figure 3.3 Template fragmentation for SMDB. The splitmerger device is used to add 

transposases into template drops while achieving a 10x dilution of the templates. The 

template droplets are injected on the left side, split at junction (1) so that 1/10th of the 

droplet continues on to pair with a reagent droplet generated on chip at (2) and the pair 

merges at the channel widening (3). The transposase reaction inside droplets fragments 

templates while adding adaptors to each fragment. Scale bars represent 100 µm. 

 

3.3.3 Barcoding of fragmented templates 

After the templates have been fragmented, the barcodes used to tag fragments 

belonging to the same template are attached by overlap-extension PCR in the droplets 

(Fig. 3.4). In this reaction, barcode sequences attach to the fragments through regions 
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of sequence homology on the adaptor sequences added by the transposase. This step 

thus requires merging three droplets: template, barcode, and PCR reagent. I design a 

triple merger device for merging three droplets at once. Improving on the designs of 

conventional mergers(Jin et al., 2010), I concatenate multiple merging junctions which 

act independently to achieve robust merging of all three droplets (Fig. 3.4). The volumes 

and reagent concentrations of the droplets are controlled to ensure correct 

stoichiometry for PCR barcoding. In addition, the channels enable one of each type of 

droplet to combine in the electro-coalescence junction. The resultant droplets are 90µm 

spherical diameter and can coalesce during thermal cycling. To make them more robust 

to coalescence, I split the merged droplets into four smaller droplets using a 

splitter(Abate and Weitz, 2011). The split droplets are collected into PCR tubes and 

thermally cycled to attach the barcodes. 
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Figure 3.4 Attaching barcodes to fragments in SMDB. The microfluidic device used for 

attaching barcodes to DNA fragments. Template droplets (1) and barcode droplets (2) 

are injected into the device where they pair with each other and a large PCR reagent 

droplet generated on chip (3). The three droplets merge at the electrode (4) and are 

split into smaller droplets for thermal cycling (5). Barcodes are spliced onto fragments 

by overlap extension PCR. Scale bars represent 100 µm. 

 

3.3.4 Massively parallel sequencing of barcoded templates 

Approximately 10-50% of droplets coalesce after thermocycling, which is undesirable 

since it can lead to multiple templates or barcodes in a single droplet, and hence 

improper barcoding. I therefore remove these droplets using pinched-flow 

fractionation(Yamada et al., 2004). Alternatively, I find that manually removing large 

coalesced droplets using a micropipette can also work well. The remaining droplets are 
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chemically ruptured and the DNA contents are purified over a spin column, then size 

selected to remove free barcodes, resulting in a sequence-ready library. The library is 

then sequenced through a standard Miseq protocol, with the exception that a custom 

indexing primer for I7 is used to accommodate our own barcodes.  

 

3.4 Validation of SMDB 

 The key property of SMDB is that single molecules are barcoded with unique 

barcodes. To examine the efficiency of single molecule sequencing with SMDB, I use 

SMDB to sequence a set of 8 known templates from 3-5 kb long. Because only one 

tenth of barcode droplets contain barcodes, I expect only one tenth of encapsulated 

templates to be barcoded. Starting with ~1M template droplets encapsulated at one in 

ten droplets containing templates, I expect a theoretical yield of ~10,000 barcoded 

templates. Practically, the yield of sequenced templates would be lower due to sample 

losses incurred during the start-up of microfluidic devices and during the removal of 

coalesced droplets. Sequencing the library, I obtain ~10 million reads using a MiSeq 

2x250 run, yielding 3563 clusters which represents ~35% of theoretical yield. 

 

3.4.1 Validation of Single molecule barcode groups 

A key property of SMDB is its ability to barcode single molecules, which greatly 

simplifies bioinformatic analysis since all reads in a given cluster are known to originate 

from only one template. For perfect barcoding of single molecules, all reads in all 

clusters should map to only one template. Aligning reads from each cluster to the eight 
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reference sequences, I calculate for each barcode group the fraction of reads mapping 

to the dominant template, defined as the single (out of 8 possible) template to which the 

majority of reads in a cluster map (Fig. 3.5). I find that > 90% of clusters contain > 90% 

reads mapping to the dominant template. Nevertheless, I observe a low background of 

< 2% of reads mapping to the non-dominant template in less than half of the barcode 

groups, which I attribute to mis-tagging, a phenomenon often observed in barcoded 

sequence libraries prepared in well plates, and thought to originate from chimeric PCR 

products generated during library amplification and sequencing(Carlsen et al., 2012). 

Since many barcode groups contain some degree of non-dominant template reads, I 

define clusters containing > 90% dominant template as single template clusters. The 

overwhelming majority (~90%) of clusters are single-template clusters (Fig 3.6). 

Instances of multiple templates in the same barcode group are infrequent, and 

consistent with the rate of co-encapsulation expected by Poisson statistics. Multiple-

encapsulations can be reduced by lowering template concentration, which reduces the 

instances of multiple templates in the same barcode groups at the expense of barcoding 

throughput. 
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Figure 3.5 Purity of barcode groups. Cumulative histogram of the percent of reads 

mapping to dominant template (purity) of the barcode groups. The majority of barcode 

groups contain >90% reads mapping to the dominant template. 

 

 

Figure 3.6 Number of templates detected inside barcode groups. 
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3.4.2 Coverage distribution of barcoded sequences  

The ideal sequencing data provides full-length, high-accuracy coverage of all 

templates in the sample. However, bias in sequencing can yield excessive coverage in 

certain regions and insufficient coverage in others. To investigate whether our approach 

is susceptible to such bias, I plot the coverage distribution for each template (Fig. 3.7 

shows two representative templates). I observe systematic coverage bias for all 

templates, much of which correlates with local GC content and, hence, is likely the 

result of the PCR amplification of the libraries for sequencing(Aird et al., 2011). I also 

observe decreased coverage at the ends of templates, a known bias of transposase 

fragmentation(Adey et al., 2010). Thus, the primary forms of bias in our data are the 

same as those observed in standard NGS, and result from the same sources.  

 

Figure 3.7 Sequencing coverage distribution over templates. Aggregate read coverage 

over the long molecule templates (solid lines) and corresponding local GC content 

(dashed lines). 
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3.5 Using single molecule barcoding to improve sequencing accuracy 

3.5.1 Motivation 

An important application of NGS is to detect rare single nucleotide 

polymorphisms (SNPs) in heterogeneous populations, such as viruses, cells, or human 

beings(Acevedo et al., 2014; Bansal, 2010; Meyerson et al., 2010; Out et al., 2009). 

Characterizing which SNPs are physically linked on the same template, called 

haplotyping, is important for understanding how multiple variants at distant loci can 

contribute to a given phenotype. However, performing these tasks with conventional 

NGS is often extremely challenging or impossible due to the inability of the short reads 

to span multiple SNPs. Moreover, standard NGS is error prone, generating one error in 

every ~1000 bases; this prevents confident detection of rare variants without accepting 

a large proportion of false positives(Bansal, 2010; Nielsen et al., 2011; Simen et al., 

2009). To enhance sensitivity, known patterns of error production can be modeled and 

used to correct data, providing modest improvements(Bansal, 2010). Molecular 

techniques can greatly increase sensitivity to detect rare SNPs, but reduce read length 

even further(Lou et al., 2013). 

 

3.5.2 High sensitivity SNP detection 

SMDB is able to confidently detect rare SNPs because each molecule is 

sequenced to great depth, allowing reads to be “averaged together” to obtain an 

accurate consensus for every base. To demonstrate this, I generate a population of 

DNA templates via 35 cycle PCR of a bacterial plasmid extracted from a culture grown 



33 
 

from a single colony. In this population, every sequence shares significant homology, 

but rare variants exist. Variants like these can have important biological consequences, 

such as allowing HIV to evolve drug resistance, or the development of rare alleles that 

increase risk for disease in human populations(Simen et al., 2009; Tennessen et al., 

2012). I sequence the population using SMDB on a MiSeq 2x150 run, obtaining 4.6 

million reads in ~6,000 barcode groups. Because each barcode group represents 

fragments amplified from a single molecule, I expect a fraction of the fragments – and 

therefore reads – to contain amplification errors. In the worst case scenario where an 

error is made in the first round of amplification, I expect ~50% of the reads to be 

erroneous for any one position in the sequence. Since these cases are reported as di-

allelic SNPs by the SNP-caller, I keep only the mono-allelic SNP calls to ensure the 

highest accuracy of our mutation calls. I identify 457 high confidence SNPs in ~10% of 

templates whereas ~90% of the templates contain no SNPs compared to the reference 

(Fig. 3.8). With the exception of SNP C1067G existing in ~5.5% of templates, all others 

are present in < 0.1% of the templates, far below the limit of detection for standard 

NGS. To compare our results to standard SNP calling methods which do not use 

barcode information, I call SNPs while disregarding the barcode grouping of reads and 

detect only the C1067G variant. Hence, SMBD amplifies the sensitivity of sequencing 

and allows capture of biological information invisible to standard methods. Unlike 

conventional NGS, the limit of detection of SMDB scales with the number of molecules 

sequenced and can be easily orders of magnitude more sensitive than conventional 

NGS (Fig. 3.9). 
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Figure 3.8 Frequency of detected SNPs by base position. 

 

 

Figure 3.9 Theoretical detection limits (false negative errors) of SMDB based on number 

of molecules sequenced. 
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3.5.3 Haplotyping 

In addition to detecting rare SNPs, SMDB naturally generates haplotypes, which 

are important for characterizing mutations that have synergistic effects and are broadly 

relevant from virus evolution to human genetics(Giallonardo et al., 2014; Sabeti et al., 

2002). SMDB provides haplotyping information because SNPs that occur on the same 

template are grouped into the same barcode group, allowing haplotypes to be 

confidently identified for each template. To demonstrate SMDB haplotyping, I plot the 

haplotypes determined by SMDB in a phylogenetic tree, allowing us to determine the 

order of mutations that occurred during replication (Fig. 3.10). The mutations in the 

population are generated by replication and, thus, in the absence of selection, ones that 

occur early in replication exist in a large subset of the progeny. The phylogenetic tree 

shows that C1067G was the first mutation that arose in the population, consistent with 

the fact that C1067G mutation is the most abundant SNP. 

 

Figure 3.10 Phylogenetic lineage of haplotypes constructed from SMDB data. 
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3.6 Other uses for SMDB 

I have applied SMDB to the barcoding of single DNA molecules from virus and 

microbial genomes, but the principle of encapsulating and barcoding nucleic acids in 

microfluidic droplets is broadly applicable. For example, droplet microfluidics has been 

used to encapsulate, lyse, and amplify single viruses and cells(Tao et al., 2015a, 

2015b). As I show in the next chapter, the SMDB workflow could be combined with 

these methods to barcode the genomes of these organisms, to perform whole genome 

single virus or cell sequencing. This could make the barcoding workflow valuable for 

characterizing genetic reassortment in seasonal influenza. Indeed, while barcoding up 

to ~10,000 single entities is immediately practical with the methods I describe, if single 

cells rather than long templates were to be barcoded, the number of individual genomes 

that can be sequenced is limited by the sequencing throughput of NGS. Even with the 

massive capacity available with present-day instruments, it is not enough to fully 

leverage the throughput of our droplet method. However, as sequencing instruments 

continue to decrease in cost and increase in throughput, sequencing large barcoded 

populations of cells and viruses should become practical, impacting applications in 

which genetic diversity is important, such as in microbial communities.  
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Chapter 4. Single cell barcoding for ultra-high throughput single cell 

genome sequencing 

Single cell genome sequencing is revolutionizing biology by enabling 

characterization of heterogeneous populations at single cell resolution; however, 

isolating and preparing single cell genomes for sequencing presents a bottleneck, 

increasing cost and limiting the number of cells captured. In this chapter, I describe SiC-

seq, an ultrahigh-throughput method to sequence many single cell genomes. Using 

droplet microfluidics, I isolate, fragment, and barcode the genomes of >50,000 cells per 

run, allowing single cell information to be recovered by grouping reads by barcode. The 

stored genomes are amenable to computational sorting based on characteristic 

sequences, which I use to describe the distributions of antibiotic resistance genes, 

virulence factors, and phage sequences in microbial communities. The ability to 

routinely sequence large populations of single cells is a powerful and general tool for 

de-convoluting cellular heterogeneity across biology. 

 

4.1 Motivation 

Organisms are living expressions of their genomes and, hence, genome 

sequencing is a powerful way to study how they are structured, grow, and function. 

Organisms are also phenotypically diverse, and this diversity is mirrored by 

heterogeneity at the genomic level and plays important roles in populations as a whole, 

particularly among populations of single cells. For example, genomic heterogeneity 

fuels cancer’s ability to evolve resistance to therapy and progress as a disease(Navin et 
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al., 2011; Potter et al., 2013), and is also found in the normally functioning cells of the 

brain(McConnell et al., 2013), skin(Abyzov et al., 2012), and immune 

system(Yancopoulos et al., 1986). Heterogeneity also plays important roles in microbial 

ecosystems, which constitute by far the most diverse organisms on the planet. As in 

other many-cell systems, heterogeneity impacts community dynamics, including a 

population’s ability to colonize an environment or evolve against selective 

pressures(Hay et al., 2004). Because the heterogeneity exists among single cells, 

sequencing single cell genomes is critical to de-convoluting the complexity of the 

system and has already yielded breakthroughs in my understanding of microbial 

ecology(Kashtan et al., 2014; Marcy et al., 2007) and cancer(Navin et al., 2011; Ni et 

al., 2013). 

A common challenge when applying single cell sequencing to heterogeneous 

systems is that they often contain massive numbers of cells: A centimeter-sized tumor 

can contain hundreds of millions of mutated cancer cells(Monte, 2009), while a milliliter 

of sea water can contain millions of microbes(Roxane Maranger and David Bird, 1995). 

Moreover, each cell has a tiny quantity of DNA, making it challenging to accurately 

amplify and sequence so many single cells. For example, cutting-edge methods based 

on optical tweezers(Zhang and Liu, 2008), flow cytometry(Rinke et al., 2014), and 

microfluidics(Gawad et al., 2014) can isolate and process hundreds of single cells for 

sequencing, but this constitutes a minute fraction of most communities. The sparseness 

of the sampling limits the questions that can be addressed, with the majority of findings 

relating to the most abundant subpopulations. For example, common environmental 

communities contain >1500 taxa, with rare taxons present at < 0.1%(Afshinnekoo et al., 
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2015), most of which are missed by single cell sequencing; indeed, the difficulty of 

capturing these cells is the basis of “microbial dark matter” – the overwhelming 

abundance of species thought to exist, but that have never been characterized. 

Therefore, a method that could markedly increase the number of cells sequenced would 

impact a broad range of problems across biology in which heterogeneity is important. 

Droplet microfluidics is a powerful technology for performing millions of 

independent picoliter reactions and has recently been used to profile the transcriptomes 

of single cells at high throughput (Klein et al., 2015; Macosko et al., 2015; Rotem et al., 

2015). However, sequencing the genomes of single cells presents unique challenges, 

because genomic DNA must be purified from the cell body and processed through a 

series of enzymatic steps to prepare it for sequencing. Consequently, while droplet 

microfluidics provides the potential for ultrahigh-throughput single cell genome 

sequencing, as of yet, no approach for accomplishing this has been described.  

In this chapter, I describe single cell genomic sequencing (SiC-seq), a droplet 

microfluidic method for sequencing > 50,000 single cell genomes per run, and ultimately 

scalable to millions. I validate the method by sequencing an artificial population of 

microbes containing known species at controlled proportions, obtaining ~0.1% average 

coverage per cell, uniform genomic sampling, and accurate species proportion 

estimates. Moreover, SiC-seq generates a novel metagenomic database in which reads 

are grouped by single cells. This database, in turn, enables a new kind of “in silico 

cytometry” similar to conventional flow cytometry, except that all sorting occurs 

computationally and sequence biomarkers need not be specified a priori. To 

demonstrate this, I apply SiC-seq and in silico cytometry to a sample of marine 
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microbes, and use it to measure how antibiotic resistance genes, virulence factors, and 

phage-associated sequences are distributed. The ability to repeatedly sort a sample of 

genomes without having to perform additional wet lab experiments allows rapid iteration 

through hypotheses and enhances what can be discovered by what is learned. It is 

valuable for generating correlation maps between characteristic sequences, to infer how 

different phenotypes are correlated within single cells, and how genetic elements 

spread through a community. 

  

4.2 Developing the single cell barcoding (SiC-Seq) workflow 

4.2.1 Overview and Challenges 

Droplet microfluidics, with its ability to encapsulate and perform biological 

reactions on thousands of single cells per second, affords unparalleled potential for 

single molecule and single cell applications, including to uniformly amplify(Sidore et al., 

2016), accurately quantitate(Hindson et al., 2011), and deeply sequence (Lan et al., 

2016) single molecules, and to culture(Clausell-Tormos et al., 2008), screen (Romero et 

al., 2015), and sequence the transcriptomes(Macosko et al., 2015) of  single cells. 

However, single cell genome sequencing presents the unique challenge that each cell’s 

genome is protected behind a membranous barrier that must be removed before 

enzymatic processing is possible. The reagents required for efficient cell lysis, however, 

including detergents, proteases, and high pH buffers, are detrimental to sequencing 

preparation enzymes, requiring that these steps be performed separately. In SiC-seq, I 

address this challenge by encasing cells in hydrogel microspheres (microgels) that are 

permeable to molecules with hydraulic diameters smaller than the pore size, including 
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enzymes, detergents, and small molecules, but sterically trap macromolecular 

genomes. This allows us to use a series of “washes” on millions of encased cells, to 

perform the requisite steps of cell lysis and genome processing, while maintaining 

compartmentalization of each genome. Using a combination of microgel and microfluidic 

processing steps, I lyse the cells, fragment the genomes, and attach unique barcodes to 

all fragments, in a workflow that processes >50,000 cells in a few hours. The barcoded 

fragments for all cells can then be pooled and sequenced, and the reads grouped by 

barcode, providing a library of single cell genomes that can be subjected to additional 

downstream processing, including demographic characterization and in silico cytometry 

(Figure 4.1).  

 

Figure 4.1 Overview of SiC-seq workflow 
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4.2.2 Single cell encapsulation 

Before the single cell genomes can be barcoded, they must be physically 

isolated and purified from the cell body and fragmented. I isolate single cells in agarose 

microgels using a two-stream co-flow droplet maker, which merges a cell suspension 

stream with a molten agarose stream, forming a droplet consisting of an equal volume 

of both streams (Figure 4.2). The droplet maker runs at ~10 kHz, allowing us to 

generate 10 million 22 µm droplets in ~20 minutes, a total volume of aqueous emulsion 

fraction ~60 µL. Hence, droplet generation is fast and the total volume consumed small, 

allowing us to load cells at a rate of < 1% to minimize multi-cell encapsulation. The 

molten agarose droplets are collected into PCR tubes on ice, solidifying them.  The solid 

microgels can then be transferred from oil to water, while maintaining encapsulation of 

the cells, which can then be subjected to lysis and genome purification. 

 

4.2.3 Purification and fragmentation of genomes 

To lyse the cells, I incubate the microgels overnight in a mixture of lysozyme, 

mutanolysin, and lysostaphin, digesting the protective microbial cell walls (Figure 4.2). I 

then incubate them in a mixture of sodium dodecyl sulfate and protease K for 30 

minutes, solubilizing lipids and digesting proteins, preserving only high molecular weight 

genomic DNA, which I verify by staining with SYBR green dye. To fragment the 

genomes and attach the Illumina sequencing adaptors, I incubate the gels in the 

NexteraTM reaction for two hours, where transposases fragment the DNA while 

simultaneous add sequence adaptors to the fragments. Importantly, because the 
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transposases are dimeric, the fragmented genome remains intact as a macromolecular 

complex, so that it remains sterically encased within the hydrogel network. 

 

Figure 4.2 SiC-seq workflow, encapsulation of cells, purification and fragmentation of 

genomes in microgels. 

 

4.2.4 Barcoding genomic fragments 

 After the genomes are purified and fragmented, they are barcoded for 

sequencing. I use a microfluidic device that encapsulates each microgel in PCR 

reagents, then merges it with a barcode droplet (Figure 4.3). Monodisperse microgels 

have the unique and valuable property that, because they are compliant, they can flow 

at high volume fraction (> 0.65) through microfluidic channels without clogging, causing 

them to order and flow periodically into a droplet generator. By matching the droplet 

period with the microgel injection period, it is possible to achieve efficient loading of 

microgels in droplets. The droplets containing fragmented genome and barcode are 
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collected into a PCR tube and thermal cycled, splicing the barcode sequences onto the 

genomic fragments via complementarity through the adaptor sequence added by the 

transposase. During thermal cycling, some droplets coalesce, generating barcode 

groups corresponding to multiple cells. I remove these coalesced droplets using a 

micropipette at the end of thermal cycling, then the purified droplets are chemically 

ruptured using perfluoro-octanol, and their contents pooled and prepared for 

sequencing. 

 

Figure 4.3 SiC-seq workflow, barcoding fragmented genomes in droplets. 

 

4.2.5 Sequencing barcoded fragments 

DNA is recovered from the pooled droplets using a spin column, then it is size 

selected using SPRI beads to remove the short unspliced barcodes from the long 

spliced barcoded genomic fragments. The resulting library is sequenced on an Illumina 

Miseq platform using a custom I7 read primer to accommodate for the spliced on 
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custom barcode. After sequencing, the reads are filtered by quality and grouped by 

barcode, providing single cell genomic sequence data. 

 

4.3 Validating single cell barcoding workflow 

The objective of SiC-seq is to provide single cell genomic sequence information 

bundled in barcode groups. To validate that SiC-seq generates single cell barcode 

groups, I apply it to an artificial community of mixed cultures of Staphylococcus 

epidermidis, Saccharomyces cerevisiae, and Bacillus subtilis at ratios of approximately 

100:10:1, respectively. This mixture represents gram-positive bacteria and fungi, which 

are typically difficult to lyse to confirm that my lysis procedures are reasonably general. I 

prepare a single-cell library from this community using SiC-seq and sequence it on an 

Illumina MiSeq, yielding ~6 million paired-end reads of 75 bp after quality filtering. I 

group reads by barcode and discard clusters with < 50 reads, representing likely PCR-

mutated barcode sequences, and yielding the final 51,500 barcode groups (Figure 4.4). 

 

Figure 4.4 Distribution of number of reads in each barcode group. 
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4.3.1 Validation of one cell per barcode 

To determine whether the barcode groups indeed correspond to single cells, I 

map all reads to the reference genomes of the three known species. If two microbes 

reside within the same cluster, reads will map to both genomes. I define a cluster purity 

score as the fraction mapping to the most mapped reference. The distribution of cluster 

purity scores is strongly skewed to high values, with an average of 94%, suggesting that 

most barcode groups represent single cells (Fig. 4.5). 

 

Figure 4.5 Distribution of purity of each barcode group, where purity is defined as the 

fraction of reads that map to the most dominant species in a barcode group. 

 

4.3.2 Species abundance estimation using barcodes 

To determine whether SiC-seq allows accurate quantification of species 

abundance within a mixed population, I compare abundance estimates measured in 

four ways: visual counting of cell cultures under a microscope when generating the 

mixed population, visual counting of cells after encapsulation into microgels, counting 

marker gene abundances in the reads based on Metaphlan assignment without using 
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barcodes, and by assigning a species identity to each barcode group based on the 

dominant reference mapped, and counting barcode groups. I find that all methods are in 

reasonable agreement for this sample (Figure 4.6). This demonstrates that SiC-seq 

enables accurate estimation of species abundance in a microbial population.  

 

Figure 4.6 Estimation of relative abundance of species. 

 

4.3.3 Coverage distribution of reads produced using SiC-seq 

Sequencing the genome of a single cell typically incurs coverage distribution bias 

(Bourcy et al., 2014) due to uneven amplification of DNA starting from a single genome 

copy. To investigate coverage distribution bias in SiC-seq, I plot the normalized 

coverage distribution for all barcode groups detected for each microbe, an example 

shown in figure 4.7. With the exception of coverage gaps due to differences between 

the reference and actual genome sequenced, we observe no significant coverage bias. 

This indicates that the sampling of each genome within a barcode group is random, so 

that when all clusters are overlaid a uniform distribution is obtained. In addition, bias is 

minimal because each genome is amplified in a tiny volume of ~65 pL, which has been 

shown to curtail bias-inducing runaway of exponential amplification(Gole et al., 2013). 

Moreover, the sequencing library is composed of > 50,000 amplified cell genomes and, 
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as such, the amplification of each genome can be limited while still producing sufficient 

total DNA for sequencing. 

 

Figure 4.7 Coverage distribution over the Staphylococcus genome of all reads in 

Staphylococcus barcode groups and the same data plotted as a histogram of coverage 

distribution binned by relative coverage. 

 

4.4 Analysis of SiC-seq data using in silico cytometry 

The massive set of single cell genomes present in SiC-Reads provides new 

opportunities for discovering associations between sequences within single cells, in a 

process I dub in silico cytometry. SiC-Reads comprises a multidimensional collection of 

single cell genomes that can be sorted in silico, in analogy to what is commonly done 

with flow cytometry on single cells. However, while flow cytometry requires that a target 

biomarker be selected a priori, and is limited to the number of biomarkers that can be 

used, in silico cytometry can be performed as many times and with as many sequence 

biomarkers as desired, to sort and resort the database repeatedly to mine for 

connections between different genetic sequences and structures. Moreover, as new 

associations are learned, new sorting parameters can be defined, enabling new 

discoveries based on what is learned without having to repeat the experiment, ultimately 

limited only by the completeness and accuracy of the single cell database.  
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To demonstrate in silico cytometry, I apply SiC-seq to a microbial community 

recovered from coastal sea water of San Francisco. I obtain ~8 million reads of 150 bp 

length after quality filtering, with which I generate a SiC-Reads database. I assign 

barcode groups a taxonomic classification based on the reads they contain, following 

the rule that > 10% of reads must have a classification, and the group is classified 

according to the taxon with the most supporting reads. Most barcode groups are 

estimated to be high purity based on the classifiable sequences (~91%), in accordance 

with my control sample (~94%). Using this data, I demonstrate in silico cytometry by 

exploring the distribution of antibiotic resistance and virulence factors in the microbial 

community.  

 

4.4.1 Using in silico cytometry to discover antibiotic resistance profile of a 

community 

Antibiotic resistance (AR) is becoming increasingly common and represents a 

significant threat to global human health(Nathan and Cars, 2014). Because antibiotics 

are the primary tool for fighting bacterial infection, understanding how AR genes spread 

in the natural environment is essential. Microbes can gain AR through numerous 

mechanisms, including mutation, acquisition of resistance-conferring genes, or even 

deletion of genes. Complicating the study of these genes is that many are believed to 

serve non-killing purposes in the community, including as molecules serving as cues or 

coercions to alter the gene expressions of community members (Bernier and Surette, 

2013). While AR genes have been identified in most environments by short-read 

sequencing, scant information on how they are distributed among taxa is available, 
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because obtaining this information usually requires testing or whole genome 

sequencing of single species; however, most species are uncultivable, precluding such 

analyses, and represent the “microbial dark matter”.  

SiC-seq provides a unique opportunity to characterize the distribution of AR 

genes amongst all species in a sample, including uncultivable species. Species are 

classified based on reads in the barcode group, and then associated with AR genes 

also present. I search my database for known AR genes, finding 1,081 (0.012% of 

reads), representing 108 (0.30%) of barcode groups. The taxonomic distribution of AR 

genes has a clear structure (figure 4.8). The most abundant taxa associated with AR 

are not the most abundant taxa overall, suggesting that in this community certain taxa 

tend to associate more with AR genes. For example, Aminoglycoside resistance is 

primarily found in Alteromonas spp., while Beta lactam resistance is common, and 

found in 4 out of 5 taxa. One explanation is that the broad-spectrum activity of Beta-

lactams has encouraged their heavy use by humans and, correspondingly, has resulted 

in widespread resistance in the costal microbes of San Francisco. Aminoglycoside 

antibiotics, on the other hand, are less commonly used by humans and, thus, resistance 

against them is rare, with identified instances possibly representing natural Alteromonas 

biology. Similarly, Enterobacter spp. is associated primarily with Beta-lactam resistance, 

reflecting its heavy use by humans as the first line of therapy for Enterobacter 

infections. 
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Figure 4.8 Distribution of antibiotic resistance genes discovered among taxa in San 

Francisco coast water community. 

 

4.4.2 Using in silico cytometry to discover the virulence factor profile of a 

community 

Virulence factors (VFs), like AR genes, are important in determining the threat that 

specific microbes in a community pose to human health. Many opportunistic pathogens 

reside in natural communities in the environment and cause outbreaks when transmitted 

to a suitable host (Yildiz, 2007). Therefore, monitoring and detecting potentially 

pathogenic microbes is important for public health. While metagenomics shotgun 

sequencing or DNA microarray methods can detect the abundance of VFs in a 

community, they cannot determine which microbes carry those VFs, or whether multiple 

VFs are present in the same microbes, both of which are important determinants for the 
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pathogenic potential of a species. Here, again, SiC-seq affords a unique opportunity to 

characterize VFs in a community and to associate them with specific host species. I 

search my coastal microbial community database for known virulence factor genes, 

yielding matches in 1,949 (0.022%) reads in 101 (0.28%) barcode groups consisting of 

29 prevalent VFs distributed among 13 microbial genera. The abundances of taxa with 

VFs do not reflect that of the total population, suggesting that certain genera tend to 

carry more VFs than others. To quantify this, I calculate a VF ratio, the ratio between 

the abundance of barcode groups containing VFs and the total abundance of barcodes 

in the community for that species, and normalize the results so that the minimum ratio is 

0 and the maximum 1 (figure 4.9). Haemophilus and Escherichia stand out amongst all 

species, both of which are known opportunistic human pathogens. Upon closer 

inspection, the main VFs detected in Haemophilus are lipo-oligosaccharides, which are 

the major constituents of Haemophilus outer membranes and an important determinant 

of host immune evasion (Preston et al., 1996). In Escherichia, the main VFs detected 

are the K1 capsule and Type III secretion system, both commonly present in virulent 

strains (Cross et al., 1984; Jarvis et al., 1995). Comparing my VF ratios with ones 

calculated for publically-available whole genomes, and down sampled to match my per-

cell read depth, I find that the ratios are higher for the public genomes, indicating a bias 

towards pathogenic strains in currently-sequenced genomes. 
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Figure 4.9 Normalized relative virulence ratios, calculated the proportion of barcodes 

detected with a virulence factor gene normalized to the genus with the highest 

proportion. The number of barcode groups of each genus used in calculations is 

indicated by n. 

 

4.5 Other potential uses for SiC-seq 

4.5.1 SiC-seq data as scaffold for genome assembly from shotgun metagenomics 

sequencing 

The de novo assembly of genomes is a powerful tool for exploring uncultivable 

species and is a common goal in the field of metagenomics. Mate-paired sequencing 

can be used to bridge contigs in a library and, with sufficient coverage, even enables 

assembly of whole genome from shotgun metagenomics reads (Iverson et al., 2012). 

Though incredibly powerful, the method is limited by the construction of mate-paired 

libraries requiring micrograms of DNA that can be difficult to obtain from microbial 
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ecosystems. Furthermore, many mate-paired reads are required to assemble a whole 

genome, since each pair bridges only two contigs. SiC-seq should be a powerful 

alternative because it provides grouped reads from >50,000 cells, each of which bridges 

hundreds of contigs. Consequently, SiC-seq should allow generation of draft genomes 

from shotgun metagenomic data with far less DNA input requirement and sequencing 

effort, while also providing information about rare species present in the sample.  

 

4.5.2 SiC-Seq of mammalian cell populations for characterizing genomic 

heterogeneity in cancer 

While I focus on microbial communities, SiC-seq is applicable to populations of 

mammalian cells too, where it can have a more direct impact on human health. The 

grouped reads provided by SiC-seq should afford the information required to determine 

copy-number variations within the genome, which is relevant to cancer (Ni et al., 2013). 

The enormous size of mammalian genomes, however, limits the number of cells that 

can be sequenced for a desired target coverage. Nevertheless, as the cost of 

sequencing continues to decrease, more cells can be sequenced to greater depth, 

creating opportunities for characterizing mammalian tissues, cell-by-cell. 
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