
UC San Diego
UC San Diego Electronic Theses and Dissertations

Title
Single Cell Phylogenetic Fate Mapping: Combining Microsatellite and Methylation 
Sequencing for Retrospective Lineage Tracing

Permalink
https://escholarship.org/uc/item/4zh242hc

Author
Wei, Christopher Jen-Yue

Publication Date
2019
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/4zh242hc
https://escholarship.org
http://www.cdlib.org/


 

 

UNIVERSITY OF CALIFORNIA SAN DIEGO 
 
 

Single Cell Phylogenetic Fate Mapping 
Combining Microsatellite and Methylation Sequencing for Retrospective Lineage Tracing 

 
 

A dissertation submitted in partial satisfaction of the 
requirements for the degree Doctor of Philosophy 

 
 
 
 

in 
 
 
 
 

Bioinformatics and Systems Biology 
 
 
 
 

by 
 
 
 
 

Christopher Jen-Yue Wei 
 
 
 

Committee in charge: 
 

Professor Kun Zhang, Chair 
Professor Vineet Bafna, Co-Chair 
Professor Olivier Harismendy 
Professor Xiaohua Huang 
Professor Bing Ren 

 
 
 
 
 

2019 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright 
 

Christopher Jen-Yue Wei, 2019 
 

All rights reserved.



iii 

SIGNATURE PAGE 

The Dissertation of Christopher Jen-Yue Wei is approved, and it is acceptable in quality and 
form for publication on microfilm and electronically: 
 
 
 
___________________________________________________________________________ 
 
 
 
___________________________________________________________________________ 
 
 
 
___________________________________________________________________________ 
 
 
 
___________________________________________________________________________ 

Co-Chair 
 
 
 
___________________________________________________________________________ 

Chair 
 
 
 
 
 

University of California San Diego 
 

2019 



iv 

DEDICATION 

 This doctoral work would not be possible without the constant support of my mentor, 

my friends and colleagues, my family, the love of my life, and my personal Lord and Savior. 

  



v 

TABLE OF CONTENTS 

SIGNATURE PAGE ............................................................................................................ iii 

DEDICATION ..................................................................................................................... iv 

TABLE OF CONTENTS ....................................................................................................... v 

LIST OF ABBREVIATIONS ............................................................................................. viii 

LIST OF FIGURES .............................................................................................................. ix 

LIST OF TABLES................................................................................................................. x 

ACKNOWLEDGEMENTS .................................................................................................. xi 

VITA ................................................................................................................................... xii 

ABSTRACT OF THE DISSERTATION ............................................................................ xiii 

INTRODUCTION ................................................................................................................. 1 

CHAPTER 1. CHARACTERIZATION OF IN VITRO MICROSATELLITE POLYMERASE 

SLIPPAGE ............................................................................................................................ 6 

1.1. Abstract of Chapter 1 ................................................................................................... 6 

1.2. Introduction ................................................................................................................. 6 

1.3. Overview of method for characterization of in vitro polymerase slippage rate ............. 9 

1.3.1.  Design of synthetic oligos for simulating microsatellites.................................. 9 

1.3.2.  Experimental method for measuring in vitro polymerase slippage .................. 10 



vi 

1.3.3.  Computational method for determining in vitro polymerase slippage error .... 13 

1.4. In vitro microsatellite slippage rate results ................................................................. 17 

CHAPTER 2.  RETRACE METHOD DEVELOPMENT FOR SIMULTANEOUS CAPTURE 

OF SINGLE CELL MICROSATELLITE AND METHYLATION ...................................... 19 

2.1. Abstract for Chapter 2 ............................................................................................... 19 

2.2. Introduction ............................................................................................................... 19 

2.3. RETrace Design ........................................................................................................ 21 

2.4. Key considerations for RETrace method optimization ............................................... 25 

2.4.1. Determining optimal restriction enzyme for microsatellite capture .................. 25 

2.4.2. RETrace stem loop adapter concentration optimization................................... 29 

2.4.3. RETrace whole genome linear amplification................................................... 32 

2.4.4. Microsatellite hybridization design and optimization ...................................... 37 

2.4.5. Relationship between bisulfite conversion efficiency and yield ....................... 42 

2.5. RETrace method ........................................................................................................ 45 

CHAPTER 3.  IMPLEMENTATION OF RETRACE .......................................................... 50 

3.1. Abstract for Chapter 3 ............................................................................................... 50 

3.2. Introduction ............................................................................................................... 50 

3.3. Ex vivo validation of retrospective lineage tracing ..................................................... 53 

3.3.1. Design of HCT116 ex vivo tree ....................................................................... 53 



vii 

3.3.2. Microsatellite data processing and lineage tracing........................................... 55 

3.3.3. RETrace accuracy in reconstructing ex vivo tree structure ............................... 56 

3.4. Ex vivo validation of simultaneous methylation characterization ................................ 65 

3.4.1. Single cell methylation processing and cell type determination ....................... 65 

3.4.2. RETrace accuracy in characterizing ex vivo cell type ...................................... 66 

3.5. Future Directions: Implementation of RETrace on human brain samples ................... 70 

CHAPTER 4: DISCUSSION ............................................................................................... 74 

REFERENCES .................................................................................................................... 78 



viii 

LIST OF ABBREVIATIONS 

DMR: Differentially Methylated Region 

DNA: Deoxyribonucleic Acid 

IDT: Integrative DNA Technologies 

MDA: Multiple Displacement Amplification 

MS: Microsatellite 

PCR: Polymerase Chain Reaction 

PE: Paired-end 

UMI: Unique Molecular Index 

WGA: Whole Genome Amplification



ix 

LIST OF FIGURES 

Figure 1: Initial experimental method for microsatellite capture using exponential WGA. ..... 9 

Figure 2: Overview of method for determining in vitro polymerase slippage rate ................. 16 

Figure 3: Method for collapsing UMIs to calculate various stages of in vitro slippage .......... 16 

Figure 4: Overview of RETrace method ............................................................................... 24 

Figure 5. Human genomic fragment size distribution with MseI and MspI dual restriction 
enzyme digestion……………………………………………………………………………...28 

Figure 6. Library complexity from varying amounts of NEBNext adapter input ................... 31 

Figure 7. Determining the necessity of single primer PCR ................................................... 35 

Figure 8. Library complexity for varying cycles of single primer PCR ................................. 36 

Figure 9. Statistics of microsatellites targeted in two different hybridization probe sets ........ 40 

Figure 10. Microsatellite hybridization enrichment method optimization ............................. 44 

Figure 12. Triplet accuracy for ex vivo trees ......................................................................... 52 

Figure 13. HCT116 ex vivo tree for RETrace method demonstration ................................... 54 

Figure 14. Capture analysis of single cell and bulk............................................................... 60 

Figure 15. Microsatellite and methylation capture statistics for varying levels of cell input .. 61 

Figure 16. Retrospective lineage tracing accuracy based on microsatellite capture of single cells 
from HCT116 ex vivo tree .................................................................................................... 62 

Figure 17. Tree accuracy as a function of the number of targets per single cell .................... 63 

Figure 18. Tree accuracy as function of number of targets with an additional filtering of low 
aircapture efficiency single cells .......................................................................................... 64 



x 

LIST OF TABLES 

Table 1.  Synthetic oligos utilized for determining ex vivo stutter error. ............................... 15 

Table 2: In vitro mutation rate per replication event of various polymerases. ....................... 18 

Table 3. In silico simulation of dual restriction enzyme digestion......................................... 27 

Table 4. Oligo sequences for RETrace. ................................................................................ 49 



xi 

ACKNOWLEDGEMENTS 

I would like to acknowledge Dr. Kun Zhang for his continued support.  From joining 

his lab as a freshman in college to growing in graduate school, I would not be the scientist that 

I am today without his mentorship.  I would also like to acknowledge my fellow lab members 

in the Zhang lab past and present for their friendship throughout all of these years.  They made 

coming into work every day immensely enjoyable. 

Portions of Chapters 1, 2, and 3 in part are a reprint of material in submission as it 

appears in “Simultaneous single cell retrospective lineage tracing and methylation 

characterization.”  The dissertation author was the primary author of this paper along with Kun 

Zhang. 

  

 



xii 

VITA 

2013 Bachelor of Science, University of California San Diego 

2019 Doctor of Philosophy, University of California San Diego 

 

PUBLICATIONS 

“Precise in vivo genome editing via single homology arm donor mediated intron-targeting gene 
integration for genetic disease correction.”  Cell Research, Accepted. 
 
“RETrace: simultaneous retrospective lineage tracing and methylation profiling of single cells.”  
In submission. 
 

FIELDS OF STUDY 

Major Field: Bioinformatics and Systems Biology 

Professors Kun Zhang and Vineet Bafna



xiii 

 

 

 

 

 

ABSTRACT OF THE DISSERTATION 
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Christopher Jen-Yue Wei 
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University of California San Diego, 2019 

 

Professor Kun Zhang, Chair 
Professor Vineet Bafna, Co-Chair 

 
 
 

 Retrospective lineage tracing has the potential to answer many outstanding questions in 

the fields of developmental and cancer biology.  The first implementation of lineage tracing, 

also known as phylogenetic fate mapping, was through the meticulous visual tracking of C 

elegans development using light microscopy.  Throughout the decades, newer methods have 
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been developed to harness emerging next generation sequencing technologies to determine 

lineage of cells.  This was usually done by analyzing naturally occurring mutations in the 

genome that acted as historical markers for cell division.  One group of such highly targeted 

markers was microsatellites, short tandem repeats in known locations found throughout the 

human genome.  However, the study of microsatellites, particularly at the single cell level has 

proven especially difficult.  This was due to the fact that microsatellites could mutate in vitro 

in similar ways as in vivo, thus introducing immense amounts of noise.  In addition, once lineage 

was determined using microsatellite loci, there was no way to determine the corresponding cell 

type analyzed. 

 In order to tackle these challenges and current limitations, we have developed a novel 

method for highly accurate microsatellite calling and simultaneous cell type determination: 

RETrace.  In this thesis, I will discuss the current issues of in vitro polymerase slippage, which 

we have quantified to introduce orders of magnitude more mutations per replication than natural 

cell division.  To overcome the challenge of amplifying single cell genomes that current 

microsatellite methods have encountered, we developed a novel method of linear whole genome 

amplification.  At the same time, the original methylation signal and thus cell type epigenetic 

information was preserved.  We demonstrate that RETrace achieved higher accuracy and higher 

cell division resolution than any previous retrospective lineage tracing method.  All of this, with 

the added information of cell type.  Finally, we discuss future efforts to utilize RETrace for 

further investigation of human development, particularly in the brain.  
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INTRODUCTION 

Lineage tracing: Prospective versus retrospective methods 

Single cell lineage tracing is a rapidly growing class of methods to recapitulate the 

developmental history of cells in a variety of tissues of interest.  The concept of lineage tracing 

began with an early exploration of the development of C. elegans through the meticulous 

tracking of single cells throughout whole organism development (Sulston, Schierenberg, White, 

& Thomson, 1983).  While this work was groundbreaking for demonstrating the concept of 

single cell lineage tracing, it was not without its limitations as the method was not only time 

consuming but required a very specific target: fast-growing, translucent organisms.  With the 

advent of single cell sequencing, a renewed interest has been growing for developing high 

resolution methods that could be applicable to a wider range of tissues and even whole 

organisms. 

Single cell lineage tracing methods can be divided into two broad categories: 

prospective lineage tracing and retrospective lineage tracing.  Prospective lineage tracing, 

similar to the initial C. elegans method, required the ability to track single cells from the 

beginning of tissue development.  Current methods regularly rely upon inducing tracible 

mutations in early cells and capturing such mutations further along in tissue development 

(Woodworth, Girskis, & Walsh, 2017).  Such methods may include microscopy in which Cre-

loxP recombination induced fluorescent proteins to express in cells that originate from the same 

founder (Cai, Cohen, Luo, Lichtman, & Sanes, 2013).  More recent methods have been 

developed to harness newly discovered CRISPR-Cas9 to induce synthetic molecular barcodes 

in murine zygotes to trace lineage throughout whole organism organogenesis (McKenna et al., 

2016; Spanjaard et al., 2018).  While these methods provided a means to perform lineage tracing 
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on a whole organism scale, prospective lineage tracing method in general are only limited to 

model organisms due to the requirement of inducing mutations early in development. 

In contrast, retrospective lineage tracing methods have been developed to provide the 

opportunity to study development of primary human tissues.  Rather than inducing tracible 

mutations early in tissue or organism development, retrospective lineage tracing utilized known 

naturally occurring mutations in order to rebuild the phylogenetic tree.  The theory behind 

retrospective lineage tracing was similar to the foundation of whole organism phylogenetics: 

single cells that are more closely related will share more mutations than those that are more 

distant in the developmental timeline.  Early demonstrations of these methods of phylogenetic 

fate mapping utilized cultured murine cells to trace mutations in a limited number of poly-

guanine repeats (S. J. Salipante & Horwitz, 2006; Frumkin, Wasserstrom, Kaplan, Feige, & 

Shapiro, 2005).  Methods have been developed since to utilize a wider array of mutations to 

capture higher resolution phylogenetic fate maps. 

In this thesis, I present my work in developing a novel method for high resolution 

retrospective lineage tracing: RETrace.  RETrace improves upon the resolution of existing 

retrospective lineage tracing methods.  More importantly, RETrace expands the field of lineage 

tracing by capturing both lineage (microsatellite) and cell type (methylation) information 

simultaneously from the same single cell.  Previous retrospective lineage tracing methods have 

been limited to only capturing phylogenetic information from single cells.  By simultaneously 

capturing cell type information, RETrace provides the new opportunity to directly study the 

developmental lineage of cell types. 

 

Microsatellites: Highly-informative targets for RETrace 
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The selection of proper genomic targets is imperative for capturing high resolution 

phylogenetic fate information.  Various lineage tracing methods have been developed to 

sequence and study a wide array of single cell targets including: single nucleotide variations, 

copy number variations, retrotransposition events and more recently mutations found within 

mitochondrial DNA (Behjati et al., 2014; Evrony et al., 2015; Ludwig et al., 2019; McConnell 

et al., 2013).  The resolution of the recapitulated single cell lineage tree, as defined as the 

minimum cell division difference resolved between single cells, is dependent upon the mutation 

rate of the genomic region of interest.  Consequently, methods that utilize mutations that occur 

at low rates such as single nucleotide variations, which mutate at an approximate 10-9 mutations 

per base per cell division, may be limited in the cell division resolution of the phylogenetic fate 

map (Campbell et al., 2012). 

Because of the need for higher mutation rates, microsatellites have been a commonly 

desirable target for building phylogenetic fate maps (Frumkin, Wasserstrom, Kaplan, Feige, & 

Shapiro, 2005).  Microsatellites are repeated short tandem repeats that have a much higher 

mutation rate than somatic base mutations, with estimates ranging from 10-3 to 10-5 mutations 

per microsatellite locus per cell division (Sun et al., 2012).  This is due to their unique mutation 

mechanism of polymerase slippage that may occur when nascent strands of DNA denature and 

reanneal at a location up or downstream of the original site (Ellegren, 2004).  Because of their 

mutation mechanism, microsatellites mutation frequencies are highly correlated with cell 

division unlike other potential targets for retrospective lineage tracing.  Consequently, in order 

to achieve higher cell division resolutions, we aimed to capture microsatellites at the single cell 

level. 



4 

One problem that we encountered early in method development was that, similar to in 

vivo cell division, in vitro polymerase amplification of microsatellite sites during sequencing 

library preparation has a high chance of introducing error to the number of microsatellite 

subunits.  We aimed to quantify for the first time the rate of polymerase slippage in vitro and 

develop a novel method to limit the amount of noise polymerase slippage introduces during 

whole genome amplification. 

 

Potential applications of retrospective lineage tracing with simultaneous cell type 

identification 

A method for retrospective lineage tracing with simultaneous cell type identification has 

many potential applications, particularly in the fields of cancer and developmental biology.  

Within the field of cancer biology, there are two competing paradigms for the route of 

metastasis within individuals: linear progression and parallel tumor progression (Naxerova & 

Jain, 2015).  A linear progression model suggests that metastasis occurs as a cascade from 

primary to secondary to tertiary tumors.  A parallel progression model suggests that secondary 

tumors develop simultaneously early in tumor progression.  Both of these models would affect 

treatment plans for individuals, with linear progression models suggesting tumor homogeneity 

and thus a single cocktail of treatments will be effective in treating metastasis, while parallel 

progression would require multiple treatment plans for each secondary tumor individually 

(Davis, Gao, & Navin, 2017).  Cancer is especially complex as tumors are highly heterogenous, 

with multiple cell types present (Mazor et al., 2015).  Not only is a method required to trace the 

lineage of tumor growth, but also each single cell must simultaneously be characterized and 
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typed.  Consequently, a method for retrospective lineage tracing with simultaneous cell type 

determination would especially be useful for the study of cancers. 

Another area of interest for retrospective lineage tracing is developmental biology, 

particularly in brain development.  Various methods have been previously developed that 

demonstrate the clonal development of various clusters of single neurons within the human 

frontal cortex (Evrony et al., 2015; Lodato et al., 2015).  Such methods utilized single nucleotide 

variations and LINE retrotransposon insertions to group over a hundred human cortical neurons 

into four broad clusters of cells.  Neuronal heterogeneity was also supported by other somatic 

mutations such as copy number variations found in a significant portion of neurons (McConnell 

et al., 2013).  While such heterogeneity within the adult human brain has been supported by 

multiple studies, there is a lack of evidence demonstrating when these subpopulations of 

neurons develop.  Additional complexity is likewise introduced as neuronal populations within 

the brain are not homogeneous, with various layer-specific excitatory and inhibitory neurons 

potentially developing and migrating at various points of development.  Heterogeneous 

neuronal subpopulations have been studied previously with methods such as single neuron RNA 

and methylation sequencing (Lake et al., 2016; Luo et al., 2017).  Here, we present an ongoing 

effort utilizing RETrace in order to: (1) characterize neuronal heterogeneity in an adult human 

brain utilizing single nuclei methylation and (2) simultaneously study the development of such 

neuronal cell types.  
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CHAPTER 1. CHARACTERIZATION OF IN VITRO MICROSATELLITE POLYMERASE 

SLIPPAGE 

1.1. Abstract of Chapter 1

The majority of single cell genomic methods involve performing exponential whole 

genome amplification.  This includes existing methods in which MDA with random primers 

perform WGA prior to enrichment for microsatellites.  Microsatellite mutate in vivo through 

polymerase slippage and, thus, may likewise mutate in vitro during genomic amplification.  

Consequently, the amplification of single cell genomes in vitro may be inadvertently 

introducing disproportionate amounts of noise into the measurement of microsatellites.  

However, there is no current measurement of the amount of error that may occur per polymerase 

replication event.  Here, we present a novel experimental and computational method for 

calculating the in vitro slippage error rate for various polymerases.  We aim to utilize this 

information to inform further method development for the measurement of microsatellites at 

the single cell level. 

 

1.2. Introduction 

Microsatellites are highly mutable short tandem repeat regions found within the human 

genome that have the potential to be useful targets for retrospective lineage tracing applications.  

The human genome consists of over a hundred thousand microsatellites sequences that consist 

of repeated di-, tri-, or tetra-nucleotide sequences.  The majority of microsatellites are found in 

non-coding regions of the genome, thus making the mutations of a vast number of these 

microsatellites selectively neutral. 
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Microsatellites mutate only when cells divide through a unique process known as 

polymerase slippage (Ellegren, 2004).  Polymerase slippage is the process by which the nascent 

strand of replicating DNA potentially dissociates and reanneals to the parent strand at a position 

further up or downstream of the original DNA sequence.  This results in integer differences in 

the number of microsatellite subunits between cell divisions.  Estimates of in vivo microsatellite 

mutations within the human genome range from 10-3 to 10-5 mutations per microsatellite locus 

per cell division (Sun et al., 2012).  This depends largely upon a variety of factors: subunit 

length, subunit sequence, total length of the microsatellite locus, and the lack or presence of 

mismatch repair mechanism particularly in cancers (Ahmed et al., 2013; Hause, Pritchard, 

Shendure, & Salipante, 2016).  When compared to the approximate 10-9 mutations per base per 

cell division of single point mutations, microsatellites are thus highly informative targets for 

retrospectively building cell lineage trees. 

A variety of methods have been developed in recent years to capture and sequence 

microsatellites at the single cell level.  The majority of these methods rely upon initial 

exponential whole genome amplification of the single cell genome prior to microsatellite 

enrichment (Biezuner et al., 2016).  Previously, we had developed a similar approach to the 

capture of microsatellite sequences at the single cell level.  As shown in Figure 1: Initial 

experimental method for microsatellite capture using exponential WGA., our initial single cell 

microsatellite method involved exponential MDA-based WGA utilizing a commercially 

available Fluidigm C1 DNA-seq microfluidic system.  MDA relies upon the use of random 

hexamer primers in order to amplify the whole single cell genome to relatively even coverage 

in order to prevent dropout of loci.  After extracting the single cell amplicons from the Fluidigm 

C1 chip, we then performed a padlock probe capture method to target and enrich for several 
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thousand microsatellites from a single reaction.  These padlock probes, or molecular inversion 

probes, contained UMIs that allowed us to determine the original amplified DNA fragment 

from which each resulting sequenced PCR fragment was derived.  Once padlock probes were 

annealed, we then circularized the probes by performing gap fill-in and copying the 

microsatellite sequence into a circularized template.  After cleanup, we finished the protocol by 

performing PCR to add sequencing adapters and unique sample barcodes.  The result was highly 

enriched microsatellite DNA libraries for each single cell. 

We initially found success in utilizing the MDA-based WGA method followed by 

padlock probe enrichment of microsatellite sequences.  In general, our initial method for 

microsatellite capture successfully captured approximately 1028 microsatellites per single cell 

and approximately 468 loci shared per pair of cells.  However, we encountered problems in 

which the noise from microsatellite capture was masking the desired natural mutation rate (not 

shown).  The main contributor to the introduction of noise was hypothesized to be attributed to 

the amplification methods utilized, which would introduce microsatellite errors in a similar 

process as naturally occurring polymerase slippage during DNA replication.  Of particular 

concern was the utilization of MDA for initial amplification of the single cell genome.  Due to 

the exponential nature of MDA with the use of random hexamers, errors caused by in vitro 

polymerase slippage in DNA replication would theoretically compound similarly to previously 

characterized PCR amplification errors (Lai & Sun, 2003).  Consequently, we aimed to 

characterize the rate at which noise was introduced during in vitro replication of DNA 

throughout our experimental method and modify the microsatellite amplification and capture 

method accordingly. 
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Figure 1: Initial experimental method for microsatellite capture using exponential WGA. 

 

1.3. Overview of method for characterization of in vitro polymerase slippage rate 

We aimed to characterize the in vitro polymerase slippage rate in order to gather insights 

into our method development for the characterization of single cell microsatellite information.  

As described previously, polymerase slippage that produces microsatellite mutation signal in 

vivo likewise occurs in vitro during single cell genome amplification.  Thus, any replication of 

microsatellite sites in vitro would introduce unwanted experimental noise that masks the desired 

mutation signal.  As described above, this introduction of noise may be amplified with the use 

of exponential MDA-based WGA. 

 

1.3.1.  Design of synthetic oligos for simulating microsatellites 
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In order to characterize the rate of in vitro mutation for a variety of polymerases, we 

developed a novel method utilizing synthetic oligos.  Two sets of synthetic oligos were ordered: 

circularization template and bridge oligos (Table 1).  These two sets of synthetic oligos closely 

mimic the original padlock probe method design with circularization template oligos forming 

the reference microsatellite region (with a known subunit sequence and repeat number) and 

bridge oligos serving as padlock probes used to capture the microsatellite sequence.  The goal 

of creating two circularizing template and bridge oligos was to allow for RCA, which would 

provide a means to calculate a per-cycle error rate due to the linear nature of amplification.  A 

“Second UMI Oligo” was also designed in order to perform second strand synthesis from the 

single-stranded RCA product derived from circularized template and bridge oligos. 

The key features of the synthetic oligos (circularization template, bridge oligo, and 

second UMI oligo) was the use of multiple UMIs to track various stages at which microsatellite 

noise can be introduced.  UMIs are randomly selected unique sequences that serve as molecular 

tags.  Here, the UMIs utilized for the synthetic oligos consisted of eight random bases that 

would indicate each unique DNA fragment use.  These UMIs were used for the tracking of the 

original template from which amplified fragments originated.  The stages of potential 

introduction of microsatellite error were: (1) errors introduced at initial synthesis of 

circularization template oligos, (2) errors introduced during whole genome amplification, and 

(3) errors introduced during PCR, and (4) errors introduced during sequencing.  Different UMIs 

were introduced into each unique fragment of DNA according to the stage of error. 

 

1.3.2.  Experimental method for measuring in vitro polymerase slippage
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The experimental method for determining the ex vivo polymerase slippage error rate is 

summarized in Figure 2.  We began by annealing the circularization and bridge oligos together 

by mixing 2.5µl 100µM circularization template with 1µl 10µM bridge oligo and incubating at 

95C for 8 minutes followed by a 4 hour 50C incubation.  The ratio of circularization template 

and bridge oligo was chosen to fine-tune the diversity of UMI1. 

Once circularization template and bridge oligos were annealed, we then proceeded to 

circularization by mixing: 40nmol NAD+, 600pmol dNTP, 15umol betain, 10U AmpLigase, 

6.4U Phusion HF DNA polymerase, and 1x AmpLigase buffer in a total volume of 20ul.  This 

reaction was incubated overnight at 50C.  The circularization process would copy a unique 

UMI1 to each microsatellite circularization template.  Following circularization, any excess 

circularization template or bridge oligo was digested with 20U exonuclease 1 and 100U 

exonuclease III in a total volume of 12ul.  The digestion reaction was incubated initially at 94C 

for 2 minutes in order to un-anneal all oligos followed by a 2 hour 37C incubation and 95C 5 

minutes heat inactivation.  Circularized products were purified by gel size selection and 

concentration was measured using single-stranded DNA Qubit fluorometer.  These UMI1-

labeled synthetic microsatellites were diluted to 0.001ng/µl concentration in order to limit the 

diversity of initial template inputted into subsequent reactions.  The goal of decreasing initial 

diversity was to allow for a sufficient ratio of reads to original templates to allow for higher 

accuracy slippage calculations. 

The subsequent RCA step allowed us to determine the per-replication error rate for 

various polymerases.  RCA is a linear amplification process, which meant that we could track 

the error of each replication event without in vitro errors compounding.  We wanted to test 

several commonly used polymerases: φ29, Bst, Vent, Vent exo-, Deep Vent, and Deep Vent 
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exo- (exo- indicates that the polymerase has not error correcting exonuclease activity).  The 

general master mix for the RCA step consisted of 5µM RCA primer (“φ29 RCA Primer” was 

utilized for φ29 reaction, “Bst RCA Primer” was utilized for all other reactions), 0.2mM dNTP, 

1x reaction buffer (as provided by NEB for each respective enzyme), and polymerase (1000U 

φ29/Bst or 1U Vent/Deep Vent) in a 50µl reaction volume.  These RCA reactions were run for 

a variety of temperatures as appropriate for the polymerase in question: 37C 4 hours for φ29, 

65C for Bst, or 72C for Vent/Deep Vent.  After purifying the RCA reaction, we then wanted to 

digest the long single-stranded DNA product from RCA.  We did this by digesting at pre-

designed BsrGI digestion sites using 20U BsrGI in 1x NEB Cutsmart Buffer. 

Following digestion of the RCA amplicons resultant from various polymerases, we then 

annealed the second UMI oligo to uniquely label each amplification event.  The goal of adding 

UMI2 was to ensure that we could identify each unique polymerase replication, which would 

allow us to quantify the number of errors introduced per replication for each of the six 

polymerases.  In order to add UMI2 to each polymerase replicated DNA fragment, we added 

10µM second UMI oligo and 1x KAPA High-Fidelity polymerase mastermix to the digested 

RCA fragments in a total of 50µl reaction volumes.  A single thermocycler amplification (95C 

3 minutes, 55C 30 minutes, 72C 3 minutes) was utilized to copy the UMI2 onto each RCA 

replication DNA fragment, which allowed for unique labeling of each polymerase replication 

event.  Following reaction clean-up using AMPure XP bead purification and Zymo DNA 

purification, we then proceeded to a final library PCR reaction for each individual polymerase 

condition in order to add the appropriate Illumina sequencing adapters.  These reactions were 

performed using a master mix containing 1x KAPA High-Fidelity polymerase, 2.5µM PCR 

Primer (i5), and 2.5µM PCR Primer (i7).  The thermocycler conditions for this library PCR 
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was: 95C 3minutes, (95C 10 seconds, 58C 30 seconds, 72C 20 seconds) for 8 cycles, (95C 10 

seconds, 72C 20 seconds) for 12 cycles, 72C 3 minutes final extension.  The resulting amplicons 

for each library was sequenced with on average 2.1 million 143bp reads. 

 

1.3.3.  Computational method for determining in vitro polymerase slippage error 

In order to determine in vitro polymerase slippage error, we performed microsatellite 

counting on the Illumina sequencing reads.  Because of the unique nature of our synthetic 

oligos, each sequencing library contains multiple copies of the same microsatellite sequence (in 

our case, a 16 subunit TGT microsatellite from chr15:34978090-34978139) processed with 

different polymerases.  In general, tri-nucleotide repeats have a lower slippage rate than di-

nucleotide mutations.  Consequently, we may generalize the error rate calculated for synthetic 

TGT microsatellites as the upper limit for shorter subunit loci.  In order to use this information 

to our advantage, we utilized a relatively simple approach of finding the read position of exact 

matches to the unique flanking sequences surrounding the TGT repeats.  In order to prevent 

errors introduced in sequencing, we analyzed only reads that had an average Phred read quality 

of 35 with the predicted microsatellite sequence having diminished read quality of less than 

80% whole read Phred quality.  Because of the possibility of point mutations in UMI sequences, 

we also wanted to collapse similar UMIs together.  To do so, we utilized a directional adjacency 

approach in which we collapsed similar UMIs that are only a single base different from one 

another (Smith, Heger, & Sudbery, 2017). 

With accurate microsatellite counts for each read in the library, we could calculate the 

various stages of error introduced.  As a reminder, UMI1 was present in the bridge oligos and 

thus represent each individual circularized template that was inputted into the RCA reaction.  
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UMI2 was added during the annealing of the second UMI oligo after the digestion of RCA 

amplicons.  Each unique combination of UMI1 and UMI2 thus represent an independent 

polymerase replication event. 

In order to resolve these stages of error introduction, we collapsed reads sharing the 

same UMI (Figure 3).  We first filter out only UMI1 and UMI2 combinations for each 

sequencing library (polymerase condition) with at least 5 reads.  In order to determine the 

amount of exponential PCR error, we determined the number of non-modal microsatellite 

counts across reads containing the same UMI1 and UMI2 combination.  A consensus for each 

PCR replication event was called by taking the modal microsatellite subunit count reads 

containing the same UMI1 and UMI2 combination.  Next, we determined high-confidence 

UMI1s that contained at least 10 UMI2.  By collapsing all consensus UMI1/UMI2 subunit 

counts to those containing the same UMI1, we then were able to determine the per-replication 

error resulting from RCA.  Because of the linear nature of RCA, the number of non-modal 

microsatellite subunit counts represented the number of replication events that introduced error.  

Polymerase slippage for φ29, Bst, Vent, Vent exo-, Deep Vent, and Deep Vent exo- were thus 

calculated by counting the number of errors within consensus UMI1/UMI2 calls that shared the 

same UMI1.  As a final check, we then collapsed all UMI1 consensus calls to the same expected 

target (16 TGT subunits) as designed from the IDT oligos.  This allowed us to calculate the 

final potential error introduced into the system, DNA oligo synthesis error. 
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Table 1.  Synthetic oligos utilized for determining ex vivo stutter error. 

Circularization 
Template 
(chr15:16xTGT, 2/26) 

/5Phos/GGCAGGGTGATCGTGTCATAACAACAACAA
CAACAACAACAACAACAACAACAACAACAACAACA
ACAAGCTAGCTATAATCTGGCCCCA 

Bridge Oligo 
(chr15:16xTGT, 2/26) 

CACGATCACCCTGCCTGCGTATCCGTGCTTGTACAGA
ATTCGCAGTGTTAATGATACGGCGACCACCGAGATCT
ACACCACTCTCAGATGTTATCGAGGTCCGACNNNNNN
NNTGGGGCCAGATTATAGC 

φ29 RCA Primer TCTACACCACTCTCAGATGTTATCGAGGTCCGAC 

Bst RCA Primer GGCGACCACCGAGATCTACACCACTCTCAGATGTTAT
CGAGGTCCGAC 

Second UMI Oligo 
(8/16) 

TAGGAACGATGAGCCTCCAACNNNNNNNNAAGCACG
GATACGCA 

PCR Primer (i5) AATGATACGGCGACCACCGAGATCTACACCACTCTCA
GATGTTATCGAGGTCCGAC 

PCR Primer (i7) CAAGCAGAAGACGGCATACGAGAT[Index]GCTAGGAA
CGATGAGCCTCCAAC 
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Figure 2: Overview of method for determining in vitro polymerase slippage rate.  The method 
for simulating in vitro polymerase slippage included performing rolling circle amplification and 
PCR using a variety of polymerases of interest (φ29, Bst, Vent, Vent exo-, Deep Vent, and 
Deep Vent exo-) while using UMIs to label each individual oligo and replication event. 

 

 

Figure 3: Method for collapsing UMIs to calculate various stages of in vitro slippage.  PCR 
error was calculated by collapsing all reads that shared the same UMI1 and UMI2.  RCA 
polymerase per replication error was calculated by collapsing all reads that shared the same 
UMI1.  Oligo synthesis error was calculated by collapsing all targets. 
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1.4. In vitro microsatellite slippage rate results 

Utilizing the above novel synthetic oligo method, the per-replication rate of in vitro 

polymerase error was calculated for the following polymerases: φ29, Bst, Vent, Vent exo-, 

Deep Vent, and Deep Vent exo- (Table 2).  There were two levels of filtering utilized to 

calculate polymerase slippage error: (1) the number of reads required for each UMI1 and UMI2 

combination was at least 5 and (2) the number of UMI2 per UMI1 was at least 10.  Based off 

these cutoffs, the highest accuracy polymerases were Bst and φ29 polymerases.  In addition, 

we see that Vent and Deep Vent polymerases have lower polymerase slippage error than their 

respective exonuclease minus versions, which may be expected due to the lack of error 

correction. 

Based on these error rates, we note that all of the widely used polymerases for 

amplification of microsatellites have a much higher slippage rate than the estimated in vivo 

slippage rate of 10-3 to 10-5 mutations per locus per cell division.  This poses a problem for 

existing methods that utilize an MDA-based whole genome amplification approach for single 

cell microsatellite lineage tracing.  The reason being that theses existing WGA methods rely 

upon exponential amplification of microsatellites prior to sequencing, which allows in vitro 

polymerase slippage errors to compound.  Consequently, we aim to develop a novel method for 

the amplification and capture of microsatellites from single cells that does not rely upon this 

initial step of exponential amplification. 

 

Portions of Chapter 1 in part are a reprint of material in submission as it appears in 

“RETrace: simultaneous retrospective lineage tracing and methylation profiling of single cells.”  

The dissertation author was the primary author of this paper along with Kun Zhang. 
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Table 2: In vitro mutation rate per replication event of various polymerases. 

Enzyme Num UMI2 ≥ 5 
reads 

Num UMI1 ≥ 10 
UMI2 

Per-Replication Error 
Rate 

ɸ29 21371 288 0.024 
Bst 37113 375 0.019 
Vent 212814 4805 0.102 
Vent (exo-) 137084 2816 0.169 
Deep Vent 256688 5911 0.108 
Deep Vent 
(exo-) 

151007 3155 0.194 
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CHAPTER 2.  RETRACE METHOD DEVELOPMENT FOR SIMULTANEOUS 

CAPTURE OF SINGLE CELL MICROSATELLITE AND METHYLATION

2.1. Abstract for Chapter 2 

We developed RETrace, a novel method for simultaneously capturing both 

microsatellite and methylation information from a single cell in order to perform retrospective 

lineage tracing and cell type determination, respectively.  RETrace has two major components 

that improve upon existing methods.  Firstly, RETrace utilizes a novel method for performing 

whole genome amplification utilizing a novel linear amplification method, which limits the 

amount of polymerase slippage noise introduced in vitro.  Secondly, RETrace utilizes a dual 

restriction enzyme approach to selectively fragment the genome in order to enrich for both 

microsatellite and methylation-informative sites.  Here, I summarize multiple key 

considerations for RETrace method development and optimizations.  Ultimately, RETrace 

provides not only the potential for accurate lineage tracing that has not yet been achieved in the 

established literature but also the ability to simultaneously determine cell type, which is critical 

for understanding single cell development. 

 

2.2. Introduction 

Long-outstanding questions have remained in developmental biology regarding single 

cell lineage.  Many methods have been recently developed to study the heterogeneity of cell 

populations through single cell RNA, DNA, and epigenetic sequencing (Cao et al., 2017; 

Mulqueen et al., 2018; Sos et al., 2016).  However, a high-resolution single cell method for 

simultaneous phylogenetic fate mapping has yet to be established.  In general, there are two 

broad paradigms of studying development: prospective and retrospective lineage tracing 
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(Woodworth, Girskis, & Walsh, 2017).  Methods for prospective lineage tracing that have been 

developed rely upon inducing mutations early in development and tracing such mutations 

through the lifetime of the cells or organism.  More recent methods of prospective lineage 

tracing utilize CRISPR-Cas9 induced molecular barcodes to determine developmental lineage 

of whole mice (Raj et al., 2018; Spanjaard et al., 2018).  While these methods allow for highly 

multiplexed simultaneous study of single cell lineage and cell type, they are limited to use in 

model organisms or cultured cells. 

In contrast, retrospective lineage tracing methods through the analysis of naturally 

occurring mutations serve as a viable means to study developmental lineage in human cells and 

tissues.  The principle behind retrospective lineage tracing is that, by analyzing naturally 

occurring somatic mutations within cells, one can determine the development of single cells 

without the necessity of inducing mutations.  Somatic mutations of interest include single 

nucleotide variations (SNVs), LINE transposable elements, and microsatellites (Evrony et al., 

2015; Lodato et al., 2015; Ludwig et al., 2019).  Here, we present RETrace, a method for 

simultaneous retrospective lineage tracing and cell type determination for single cells through 

the capture of both microsatellite and DNA methylation status from the same cells.  We 

demonstrated this approach successfully achieves higher resolution lineage trees than published 

methods and allows for reliable identification of cell type. 

 RETrace relies upon the capture of mutations across thousands of microsatellite loci for 

retrospective lineage tracing.  The main advantage of targeting microsatellite loci is that these 

generally selectively neutral sites mutate at a high rate during cell division through a process 

known as polymerase slippage (Ellegren, 2004).  Estimates of microsatellite mutation rates 

range from 10-3 to 10-5 mutations per locus per cell division, which is significantly higher than 
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the estimate 10-9 mutations per SNV (Sun et al., 2012).  However, such high mutability of 

microsatellites in vivo has meant that the in vitro capture and sequencing of microsatellites is 

likewise highly error-prone.  Polymerases utilized for prerequisite DNA amplification have a 

significant chance of introducing erroneous noise that can mask naturally occurring 

microsatellite mutations.  Consequently, existing methods that rely upon exponential whole 

genome amplification are limited to low cell division resolutions when capturing microsatellite 

loci for retrospective lineage tracing (Biezuner et al., 2016).  Here, we overcome such technical 

limitations of capturing microsatellite mutation information by implementing a linear 

amplification approach to avoid exponential accumulation of errors. 

Likewise, previous methods of microsatellite capture lack the capability of identifying 

cell types, which would be vital for future phylogenetic fate mapping efforts in heterogenous 

tissues.  Through selective restriction enzyme fragmentation of the genome, we have developed 

a means to capture the original methylation signal identifying cell type post-linear amplification 

of microsatellite loci.  Consequently, here we present RETrace as a method that dramatically 

improves upon the current limit of cell division resolution in single cell retrospective lineage 

tracing and allows for simultaneous cell type methylation study that previously has not yet been 

achieved. 

 

2.3. RETrace Design 

 We developed RETrace, a novel method to capture both microsatellite loci and 

methylation-informative cytosines from a single cell in order to simultaneously characterize 

both lineage and cell type.  Previous methods have utilized microsatellites as markers for 

retrospective cell lineage tracing, with increasing ability to capture several thousand 
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microsatellites at a single cell level (Biezuner et al., 2016; Frumkin, Wasserstrom, Kaplan, 

Feige, & Shapiro, 2005; S. J. Salipante & Horwitz, 2006).  However, all of these single cell 

methods require an initial step of exponential MDA-based whole genome amplification in order 

to obtain sufficient genomic material for microsatellite enrichment.  We hypothesize that this 

initial exponential amplification introduces noise that would severely decrease the resolution of 

the final phylogenetic tree, as polymerase slippage can likewise occur during in vitro 

polymerase amplification.  We measured the error rate of microsatellite replication for a variety 

of commonly utilized polymerases and have determined that the error is approximately 10-

1000x more per replication event than the expected in vivo microsatellite mutation rate (Table 

2).  In order to limit the amount of polymerase slippage error introduced in vitro, we developed 

a method to circularize DNA fragment by ligating stem-loop adapters and perform single primer 

PCR.  Thus, instead of exponential whole genome amplification, we utilized a linear 

amplification approach that prevents slippage errors building upon each other.   

 RETrace also allows for the simultaneous characterization of single cell epigenetic cell 

type through the capture of cytosine methylation.  In order to capture both microsatellite and 

methylation information from the same single cell, we utilized a restriction enzyme digestion 

approach for fragmenting the genome.  MseI was selected to cut near select microsatellite loci 

of interest, while MspI was the restriction enzyme utilized to enrich for CpG-rich regions of the 

genome similar to previously developed RRBS methods (Guo et al., 2013).  In order to capture 

the original methylation signal after linear whole genome amplification, the stem-loop adapters 

were methylated, which meant that only the original DNA fragments had the proper PCR-

binding sites post-bisulfite conversion. 
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 Each single cell restriction enzyme digestion, ligation, and amplification reaction was 

divided into two post-processing protocols for either microsatellite or methylation capture.  

Because of the dual restriction enzyme digestion method utilized for RETrace, we were able to 

amplify either microsatellite MseI or methylation MspI fragments specifically using custom 

designed Illumina-compatible PCR primers (Table 4).  To enrich for microsatellites, we utilized 

a hybridization probe capture approach.  We designed two sets of 12,472 probes that were 

designed to capture up to 11,380 microsatellite loci (Figure 9).  The majority of these 

microsatellite loci were di-nucleotide repeats and were chosen based on expected fragment 

length based on GRCh17 hg19 reference genome (Lander et al., 2001). 
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Figure 4: Overview of RETrace method.  (A) Single cell processing includes FACS sorting 
single cell per well in plate, followed by restriction enzyme digestion, ligation of methylated 
hairpin loop adapters, and single primer PCR for WGA.  (B) Microsatellite post-processing 
with hybridization probe enrichment, which results in building a phylogenetic tree.  (C) 
Methylation post-processing with bisulfite conversion followed by PCR utilizing primers 
specific to MspI cut site, which results in cell type identification.  

Sort/lyse 
single cells

Restriction 
enzyme digestion

Methylated 
adapter ligation

Single primer PCR

a

b Microsatellite PCR and IDT 
hybridization capture

0.0402268

c Bisulfite conversion and 
methylation PCR
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2.4. Key considerations for RETrace method optimization 

There were several key conditions that we optimized for the RETrace method.  The goal 

of optimization was to ensure adequate depth for microsatellite and methylation information at 

a single cell level.  Because of the uniqueness of RETrace for retrospective lineage tracing and 

cell type determination, there are a vast number of considerations for optimization.  Here, we 

summarize several key conditions that we optimized in developing the finalized RETrace 

method. 

 

2.4.1. Determining optimal restriction enzyme for microsatellite capture 

The first key aspect of RETrace is the capture of both microsatellite and methylation 

information simultaneously from the same single cell.  The initial step for this capture is the 

fragmentation of the genome.  Many single cell methods currently utilize a transposase-based 

method of genomic fragmentation, which utilize an enzymatic means of randomly digesting the 

genome while simultaneously adding appropriate sequencing library to each DNA fragment 

(Adey et al., 2010).  However, we aimed to digest the genome at both microsatellite and 

methylation informative sites.  In order to do so, we developed a dual-restriction enzyme 

method for digesting the single cell genome.  Previous studies have utilized a single MspI 

enzyme digestion to capture methylation-informative CpG sites (Guo et al., 2013; Meissner et 

al., 2005).  By adding a second restriction enzyme in conjunction with MspI, we can more 

specifically digest genomic DNA near desired microsatellite sites. 

We simulated dual enzyme digestion for the restriction enzymes available by digesting 

the genome at the known recognition sites for the given enzyme in conjunction with MspI in 

silico.  The results are summarized in Table 3.  Based on the in silico digestion, we notice that 
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the MseI and MspI restriction enzyme combination produced the highest possible number of 

microsatellite fragments without sacrificing methylation-informative MspI fragments.  We also 

wanted to ensure that the majority of these microsatellite fragments with MseI digestion sites 

flanking the repeated sequence were relatively short enough to be covered by a single Illumian 

sequencing read.  This likewise was confirmed in silico with the majority of microsatellite 

fragments being less than 500 bases long, as summarized in Figure 5.  Based on these 

simulations, we proceeded with utilizing MseI and MspI as the dual restriction enzymes of 

choice to simultaneously capture microsatellite and methylation information, respectively, in 

RETrace. 
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Table 3. In silico simulation of dual restriction enzyme digestion.  The above is a summary of 
the number of expected DNA fragments with either microsatellite or methylation information 
when using the given restriction enzyme in conjunction with MspI. 

  
Restriciton Enzyme 

Total Ref 
Frag 

Total MS 
Frag 

Frag Size Range 
w/ Max MS (Num 
MS) 

Total MspI 
Frag 

AflII 172669 179 [160,360)(130) 1773231 
ApaLI 91534 162 [119,319)(111) 1749345 
AseI 784338 681 [160,360)(513) 1709101 
AvrII 138171 169 [124,324)(136) 1739654 
BclI 215135 235 [124,324)(174) 1749205 
BfaI 6569414 13828 [114,314)(10086) 1059117 
BglII 237118 243 [149,349)(180) 1739416 
BspHI 356738 261 [160,360)(194) 1707431 
BsrGI_BsrGI-HF 297255 347 [112,312)(248) 1754035 
CviAII 12297628 32857 [100,300)(23579) 784378 
CviQI 3954421 7603 [109,309)(5419) 1234564 
EcoRI_EcoRI-HF 242915 230 [174,374)(161) 1740897 
FatI 12297774 32670 [105,305)(23478) 784378 
HhaI 580512 1210 [92,292)(846) 1207334 
HinP1I 580568 1214 [76,276)(858) 1207334 
HindIII_HindIII-HF 278920 224 [170,370)(156) 1734816 
HpyCH4IV 1140086 1686 [110,310)(1173) 1397001 
MboI_Sau3AI_DpnII_BfuCI 5757329 15642 [104,304)(12255) 903245 
MfeI_MfeI-HF 140065 118 [153,353)(90) 1809322 
MluCI_Tsp509I 20228902 46001 [88,288)(35390) 899469 
MseI 17929884 34268 [71,271)(25869) 1048749 
NcoI_NcoI-HF 206362 183 [141,341)(124) 1691583 
NdeI 367130 506 [126,326)(360) 1765166 
NlaIII 12297320 32489 [100,300)(23383) 784378 
NsiI_NsiI-HF 350718 471 [93,293)(320) 1741145 
PciI 449380 598 [108,308)(421) 1716894 
PstI_PstI-HF 490798 690 [117,317)(554) 1503554 
SacI_SacI-HF 128032 132 [144,344)(88) 1707026 
SphI_SphI-HF 105408 228 [176,376)(158) 1734067 
TaqaI 579340 921 [165,365)(615) 1423448 
XbaI 262459 220 [143,343)(148) 1750401 
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Figure 5. Human genomic fragment size distribution with MseI and MspI dual restriction 
enzyme digestion. 
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2.4.2. RETrace stem loop adapter concentration optimization 

A key component of RETrace is to utilize adapter ligation of restriction enzyme digested 

DNA.  These restriction enzymes were selected to digest DNA near either microsatellite loci 

(MseI) or CpG informative sites (MspI).  Post digestion, all DNA fragments are end-repaired 

and A-tailed such that all sticky ends from either restriction enzyme digestion are identical.  

With these identical sticky ends, methylated NEBNext stem loop adapters are then ligated onto 

all DNA fragments.  Because of the fact that adapter ligation occurs at the single cell level, care 

must be taken to ensure that the adapter to template ratio is optimized.  In order to optimize the 

ligation reaction, we tested various adapter input amounts across two different single cell 

experiments: Experiment 1/8 with 0.4pmol, 1.5pmol, and 4pmol; Experiment 1/22 with 4pmol, 

8pmol, and 15pmol. 

In order to determine the optimal adapter input for single cell capture, we performed 

RETrace on FACS sorted single HCT116 cells, which were utilized in Aim 3 for ex vivo tree 

validation of our method.  The protocol remained consistent across the two experiments in order 

to test the main effect of solely adjusting adapter input into each single cell reaction.  Adapter 

ligation efficiency was determined by calculating the sequencing complexity post microsatellite 

and methylation (after bisulfite conversion) PCR.  Sequencing library complexity (number of 

unique reads) provides an indication of the number of original ligated DNA fragments that were 

amplified through PCR, with higher library complexity indicating higher ligation efficiency.  In 

order to determine library complexity through shallow sequencing, we utilized Preseq software 

to extrapolate the number of unique reads from a given library depth, set to 900,000 simulated 

input reads in order to keep consistent across adapter conditions (Daley & Smith, 2014). 
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As illustrated in Figure 6, we see that changing adapter input amounts drastically alters 

the number of microsatellite and methylation library complexities.  If adapter concentration is 

too low (0.4 pmol input), neither methylation or microsatellite libraries had adequate 

sequencing complexity (with fewer than 10,000 unique reads).  If the adapter concentration is 

lower than optimal such as 1.5 pmol, we gain higher amounts of microsatellite unique reads 

(and hence successful capture of microsatellite sequences) but sacrifice resolution in terms of 

methylation.  On the other hand, if adapter concentration is too high such as 8 and 15 pmol, we 

see that we capture an abundance of methylation information but have dramatically lower 

microsatellite reads.  Consequently, we chose an adapter input amount of 4 pmol in order to 

obtain adequate ligation efficiency for both microsatellite and methylation information. 
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Figure 6. Library complexity from varying amounts of NEBNext adapter input.  (A) Example 
of Preseq output.  For this analysis, we utilize the expected number of unique reads (indicative 
of library complexity) extrapolated from 900,000 input reads.  (B)  Indicates results for Preseq 
expected number of microsatellite versus methylation reads.  We aimed to choose the adapter 
input that provides the highest of both measures. 
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2.4.3. RETrace whole genome linear amplification 

As discussed in Chapter 1, existing whole genome amplification methods based on 

exponential amplification suffer from the potential of introducing excessive noise when 

measuring microsatellites.  This is due to the fact that the vast majority of common polymerases 

utilized for in vitro polymerization have orders of magnitude higher mutation rate 

(approximately 10-2 to 10-1 mutations per replication event) than in vivo microsatellite 

mutations, which have been estimated to be approximately 10-3 to 10-5 mutations per locus per 

cell division.  Consequently, we aimed to develop a method of single cell microsatellite capture 

that either eliminates the need for whole genome amplification altogether or develop a novel 

means to perform linear whole genome amplification at the single cell level.  This is all prior to 

performing PCR for final library construction of microsatellites.  In theory, PCR microsatellite 

mutation can be accounted for because of the controlled many of exponential amplification for 

a known number of amplification cycles, as demonstrated by existing bioinformatics techniques 

for accounting for such PCR stutter noise (Gymrek, 2013; Gymrek et al., 2017).  This 

divergences from current random primer MDA methods that allow errors to compound in a 

more uncontrollable manner through isothermal amplification.  By contrast, linear whole 

genome amplification would allow for the amplification of microsatellite loci solely from the 

original DNA fragments as templates, thus restricting in vitro errors from compounding. 

We first aimed to determine the necessity of whole genome amplification prior to PCR.  

In order to do so, we ran RETrace on 6pg HCT116 genomic DNA (in order to mimic single cell 

level amounts of DNA) with the following conditions: no whole genome amplification post 

restriction enzyme digestion and NEBNext adapter ligation, or single primer PCR for 10 cycles 

prior to microsatellite PCR.  Single primer PCR utilizing primers designed to anneal to the loop 
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portion of NEBNext adapters allows for linear amplification of any DNA fragments that have 

the proper ligated adapters.  We evaluated the result of this control test by utilizing 

polyacrylamide gels with smears expected to demonstrate successful amplification of genomic 

material.  As demonstrated in Figure 7, we see that after 25 cycles of MseI-specific 

microsatellite PCR, only the condition with 10 cycles of single primer PCR show an appropriate 

smear in the polyacrylamide gel, all with negligible amplification in non-template control 

conditions.  Not until approximately 34 cycles do we see any noticeable amplification for the 

no-preamplification conditions.  This reflected the dramatic difference with the utilization of 

whole genome amplification prior to microsatellite PCR in order to obtain adequate numbers 

of DNA fragments for sequencing.  This was reflected in shallow sequencing of the respective 

libraries.  When comparing no preamplification and single primer PCR, we obtained 

approximately 3-4 times more unique DNA fragments by amplifying adapter-ligated fragments 

prior to final MseI-specific PCR. 

We further wanted to test the optimal number of cycles of single primer PCR and 

whether increasing the cycle number affected the number of unique DNA fragments sequenced.  

As a reminder, single primer PCR utilized the following thermocycler condition: 95C 3min; 

followed by a set number of cycles of 98C 20 seconds, 60C 15 seconds, and 72C 30 seconds; 

and finished with a 72C 1minute final extension.  We tested both 10 and 15 cycles of single 

primer PCR in order to determine which cycling condition produced the best results.  Figure 

8C shows that 10 cycles of single primer PCR prior to MseI-specific microsatellite PCR 

produced consistently higher library complexity (more number of unique DNA fragments 

sequenced) than 15 cycles of single primer PCR for whole genome amplification.  This was 

consistent for 5 cells, single cells, and 6pg genomic DNA control.  In addition, both of these 
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conditions exhibited low number of contaminating reads as shown by the relatively clean non-

template controls.  In addition, we also see from Figure 8A and Figure 8B that 5 cells and single 

cell inputs produced similar library complexities, suggesting that we are not losing a significant 

number of DNA fragments with lower inputs.  Based on these results, we set the RETrace 

protocol to utilize the optimal 10 cycles of single primer PCR prior to splitting to microsatellite 

and methylation PCR in order to ensure that adequate number of DNA fragments can be 

captured for downstream microsatellite retrospective lineage tracing. 

 

  



35 

 

Figure 7. Determining the necessity of single primer PCR.  The above are gel images from tests 
to determine the performance of microsatellite capture using either no whole genome 
amplification or single primer PCR.  (A) 6pg HCT116 RETrace experiment with 25 cycles of 
microsatellite (MS) PCR.  (B) Negative control (water) with 25 cycles of microsatellite (MS) 
PCR.  (C) and (D) were the result of 34 cycles of MS PCR for either 6pg HCT116 or water 
negative control input, respectively. 

  

L = Low Mass Ladder
1 = 4pmol NEBNext Adapter, Direct MS PCR
2 = 4pmol NEBNext Adapter, 10 cycle Single Primer PCR
3 = 1.5pmol NEBNext Adapter, Direct MS PCR
4 = 1.5pmol NEBnext Adapter, 10 cycle Single Primer PCR
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Figure 8. Library complexity for varying cycles of single primer PCR.  (A) and (B) demonstrate 
minimal difference between five cell and single cell library complexity, respectively, after 10 
cycles of single primer PCR prior to MseI-specific microsatellite PCR.  (C) Preseq expected 
unique reads after 900,000 raw reads for varying number of cells for different number of cycles 
of single primer PCR. 

 

  

10 cycle Single 
Primer PCR

15 cycle Single 
Primer PCR

5 cells 594030 553159
1 cell 529744 367816
1 cell 526202 437894
1 cell 524009 373621

6pg HCT116 377856 140200
NTC 5988 153

a b

c
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2.4.4. Microsatellite hybridization design and optimization 

In order to improve efficiency and decrease cost of microsatellite sequencing, we aimed 

to utilize hybridization enrichment of microsatellite sequences.  The general concept of 

hybridization capture and enrichment for targeted sequences includes the use of biotinylated 

probes designed for specific genomic targets (in our case, microsatellites).  These biotinylated 

probes hybridize to the DNA fragments of interest and are pulled down by utilizing streptavidin 

coated magnetic beads.  In general, there are multiple commercially available methods for 

performing hybridization enrichment utilizing magnetic bead pull-down.  However, none of 

these commercially available kits were designed to capture microsatellite sequences from the 

genome, which pose an additional difficulty due to the lower uniqueness of the repeated DNA 

subunits.  Consequently, we needed to design and optimize probes and an enrichment method 

to capture the microsatellites of interest for RETrace lineage tracing. 

The main consideration when sequencing microsatellites is that the reads must span the 

entire microsatellite region and include several unique bases from the flanking sequences in 

order to assist with read mapping and subunit counting.  Current technical constraints limit the 

length of standard Illumina sequencing reads to 250bp (HiSeq 2500).  Thus, the microsatellites, 

along with the flanking sequences that are a result of DNA fragmentation, we initially aimed to 

target must be shorter than 250bp.  As shown in Figure 9, we initially developed two DNA 

hybridization probe sets that target a total of 11,380 targets, the majority of which are 

dinucleotide repeats, which are often theorized to have a higher mutation rate than longer 

subunit short tandem repeats (Chakraborty, Kimmel, Stivers, Davison, & Deka, 2002). 

In order to reduce the cost of reordering probes (approximately $2000 per oligo pool), 

we designed the oligo pools such that the DNA probes contain T7 promoter regions for RNA 
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polymerase amplification.  By performing amplification on the original pool, we can avoid 

having to order a new set of probes per reaction and instead continually produce probes from 

the original set.  Briefly, each probe was designed utilizing the commercially available IDT 

Target Capture Design Tool with a targeted probe length of 80bp and 1x tiling.  The following 

sequences were added to the 5’ and 3’ ends of each probe, respectively, to form a primer binding 

site for initial expansion PCR.  The underlined portion is a reverse complement of the T7 RNA 

promoter. 

5’ TGTAAGGCACATCTCGGATC 3’ 

5’ ATCCGACGAGAATCTTGCTTCCCTATAGTGAGTCGTATTA 3’ 

Probe expansion PCR was then performed to initially amplify the original oligo pool utilizing 

the following forward and reverse primers, respectively: 

 5’ TAATACGACTCACTATAGGGAAGC 3’ 

 5’ TGTAAGGCACATCTCGGATC 3’ 

Expansion PCR was performed utilizing a 100µl master mix containing KAPA HiFi 

DNA polymerase, a final concentration of 400nM of the above primers, and a final 

concentration of 100nM of Custom Array oligo pool.  After Zymo DNA purification and elution 

into 20µl water, the expansion PCR product was diluted to a 200nM stock.  Next, T7 RNA 

polymerase was utilized to amplify the expansion PCR product, which have a T7 RNA 

promoter designed within the oligo order.  The purpose of T7 RNA polymerase amplification 

was improve probe balance in the final amplicons as oligos are linearly amplified.  The master 

mix for T7 RNA promoter contained: RNA polymerase buffer, 10U T7 RNA polymerase, 

50nmol UTP/TTP/ATP/CTP, 0.5U NxGEN RNAse Inhibitor, and 10pmol expansion PCR 

product.  The reaction was incubated overnight at 37C.  Reverse transcription utilizing Thermo 
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Maxima H Minus was then performed to convert the RNA polymerase product to suitable DNA 

hybridization probes.  The master mix for reverse transcription contained 0.5nmol dNTP mix, 

RT buffer, 10U Thermo Maxima H Minus and 0.2pmol of the following T7_RNA_primer that 

effectively adds a biotin group to each final DNA hybridization probe product: 

 5’ /5Biosg/T*G*TAAGGCACATCTCGGATC 3’ 

The reverse transcription reaction was incubated at 50C for 30 minutes followed by heat 

inactivation at 85C for 5 minutes.  Finally, RNase H was utilized to digest any intermediate 

RNA product by incubating reactions with 5U RNAse H for 1 hour at 37C.  The final 

biotinylated DNA microsatellite hybridization probes were purified and diluted to a final 

concentration of 1.5pmol per 2ul.  Ultimately the procedure dramatically reduces the cost of 

reordering microsatellite oligos as a single original oligo pools can instead be amplified to high 

fidelity and uniformly. 

Once we had designed and produced microsatellite hybridization probes, we aimed to 

optimize the enrichment method for capturing microsatellite targets from RETrace-processed 

single cell genomes.  Previous studies have successfully demonstrated improved hybridization 

enrichment efficiency utilizing a modified two-stage version of IDT xGEN hybridization 

enrichment and wash method (Schmitt et al., 2015).  Essentially, the concept of the two-stage 

enrichment is to perform enrichment twice, once with a higher concentration of probes (3pmol) 

and more PCR cycles (16 cycles) and a second time using the resulting first hybridization 

product, a lower concentration of probes (1.5pmol) and fewer PCR cycles (8 cycles).  We tested 

this concept on single cell RETrace amplicons and demonstrated that the two-stage enrichment 

protocol improved capture by 5x (Figure 10).  With these developed probe production and 
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capture methods, we demonstrate cost effective and successful enrichment of select 

microsatellite sequences. 

 

Figure 9. Statistics of microsatellites targeted in two different hybridization probe sets.  
Microsatellite targets were chosen based on shorter fragment lengths in order for Illumina reads 
to cover entire microsatellite and majority selected were di-nucleotide repeats.  (A) 20171211 
set contained 12,472 probes targeting 6,273 microsatellite loci.  (B) 20190301 set contained 
12,472 probes targeting 5,107 microsatellite loci. 
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Figure 10. Microsatellite hybridization enrichment method optimization.  We tested four 
different conditions: baseline without enrichment, single enrichment, single enrichment with 
Cot-1 blocker, and double enrichment.  (A) Demonstrates the improvement of method 
optimization through the percentage of reads that belong to the targeted microsatellite loci.  We 
compared all raw read data versus a down sampling to 130,000 reads per condition.  (B) 
Improvement of method based upon the read depth of targets (utilized 20171211 probe set). 
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2.4.5. Relationship between bisulfite conversion efficiency and yield 

Bisulfite conversion is a commonly utilized method to study cytosine methylation, as 

unmethylated cytosine converts to uracil through a chemical deamination process and 

methylated cytosines remain intact.  However, the conversion process generally leads to 

fragmentation and loss of genomic DNA.  In addition, if bisulfite conversion is not complete, 

previously unmethylated cytosines may be unconverted to uracil, leading to false-positive 

methylation signal.  While often used for single cell methylation studies (Guo et al., 2013; Luo 

et al., 2017), we aimed to systematically characterize the expected loss of DNA and bisulfite 

conversion efficiency in order to determine if we could optimize established protocol. 

In order to test the trade-offs between DNA yield and conversion efficiency, we utilized 

a completely unmethylated version of the E. coli bacteriophage lambda DNA.  By using 

unmethylated DNA, we would expect any cytosines remaining in sequencing would have 

resulted from incomplete conversion.  Lambda DNA was first sheared to an average insert size 

of 150bp, which would be representative of our target fragment length in RETrace.  10ng of 

sheared DNA was end-repaired and A-tailed utilizing a mastermix of: 10U Klenow exo- 

(Thermo), 1x Klenow buffer, 40nmol dATP, 4nmol dCTP, and 4nmol dGTP.  The end-repair 

reaction was incubated at 30C for 30min then 37C for 30min, followed by a Zymo double 

stranded DNA purification and elution into 6µl water.  NEBNext methylated adapters were then 

ligated onto the lambda DNA fragments by using NEB Blunt/TA ligation mastermix and 

2.5nmol adapter.  This ligation reaction was incubated at room temperature (25C) for 20min 

followed by immediate USER enzyme digestion.  The final ligated unmethylated lambda DNA 

fragments were AMPure bead purified and eluted in 20µl water. 
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To optimize bisulfite conversion, we wanted to test the timing of key portions of the 

established protocol (based off of the Zymo EZ DNA Methylation Kit that we aim to use for 

the final RETrace method).  The main steps of bisulfite conversion include the main conversion 

incubation with bisulfite reagent followed by a desulphonation step to make the DNA fragments 

suitable for PCR.  We aimed to test 30 minutes, 2 hours, and full (3.5 hours) bisulfite conversion 

reaction incubation at 64C.  Likewise, we wanted to determine whether decreasing the 

desulphonation time from the full 15 minutes to 10 and 5 minutes would improve yield without 

sacrificing conversion efficiency.  Yield was measured by qPCR against a ladder of known 

input amounts of converted DNA fragment; bisulfite conversion efficiency was measured by 

counting number of false-positive cytosines in reads.  The results are summarized in Figure 11. 

We see that by decreasing the bisulfite conversion time, the DNA yield was increased, which 

was expected as we hypothesized that the conversion reaction is exceedingly harsh and digest 

DNA.  In addition, by utilizing the full desulphonation time of 15 minutes, we obtain a better 

result than decreased desulphonation incubation, which likewise matches with our hypothesis 

as uracil-sulphonate intermediates cannot be amplified by PCR.  However, we likewise see that 

conversion efficiency was only near complete with full reaction times.  We made the decision 

to utilize the established full bisulfite conversion reaction times and conditions as false-positive 

methylation would be detrimental to downstream data analysis.  This is because, unlike bulk 

methylation processing, RETrace utilizes single cell methylation, which only has a single copy 

of each DNA strand.  Consequently, accuracy of cytosine methylation is especially sensitive to 

incomplete bisulfite conversion. 
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Figure 11. Optimizing bisulfite conversion reaction.  We utilized various incubation times for 
Zymo EZ DNA methylation bisulfite conversion. 
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2.5. RETrace method 

Cell lysis, fragmentation, ligation, and amplification 

 Single cells were isolated and sorted directly into individual wells of a 96-well reaction 

plate containing 5.34µl of 1x lysis buffer (10x concentration: 10x NEBuffer 2.1, 0.703% SDS, 

60fg/µl unmethylated lambda DNA) (Vitak et al., 2017).  These cells were immediately lysed 

at 42C for 30 minutes.  Following lysis, SDS was quenched by adding 1µl of 12.68% Triton X-

100, which was incubated at 42C for another 30 minutes.  These cells were processed 

immediately after lysis, but could be stored at -80C for long term storage.  SDS within the cell 

lysis buffer would disrupt the nuclear membrane and DNA-binding proteins; this process 

resulted in accessibilized single cell DNA within each single well, which would be used for 

downstream processing.  All subsequent reactions through amplification was performed by 

sequentially adding various enzyme master mixes without the need for buffer or tube changes. 

 After cell lysis, DNA was fragmented and A-tailed by adding 3.32µl of restriction 

enzyme cocktail containing MseI and MspI (1x Thermo Tango Buffer, 4.7U Thermo MseI, 47U 

NEB MspI, 4.7U Thermo Klenow exo-, 1mM dATP, 0.1mM dCTP, 0.1mM dGTP, 0.1mM 

dTTP).  DNA fragmentation and A-tailing was performed at 37C for 3 hours, followed by a 

heat-inactivation at 80C for 20 minutes.  MseI was chosen to digest DNA near select 

microsatellite sites while MspI was selected for digestion of CpG-rich genomic regions.  

Methylated hairpin loop adapters were ligated onto A-tailed DNA fragments by adding 6.79µl 

of ligation mix (1x Thermo Tango Buffer, 1mM NEB ATP, 5% PEG-4000, 4µM NEBNext 

methylated adapter, and 30 Weiss units of Thermo T4 DNA ligase).  The ligation reaction was 

incubated at 16C for 30 minutes, followed by 10C incubation for 18 hours and 65C heat 

inactivation for 20 minutes. 
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 In order to reduce in vitro slippage noise introduced by whole genome amplification, 

we performed single primer PCR utilizing KAPA_RCA_Primer (Table 4) that was designed to 

initiate amplification at the loop portion of the hairpin adapters.  Single primer PCR was 

performed by adding 8.56µl of master mix (1x KAPA High Fidelity buffer, 0.3µM 

KAPA_RCA_Primer, 0.3mM NEB dNTP cocktail, and 0.5U KAPA High Fidelity polymerase).  

Ten cycles of single primer PCR was performed in a thermocycler: 95C 3min; followed by 10 

cycles of 98C 20 seconds, 60C 15 seconds, and 72C 30 seconds; and finished with a 72C 

1minute final extension.  The resulting reaction (total volume of 25ul) was then separated into 

downstream microsatellite or methylation processing. 

 

Microsatellite enrichment 

 Microsatellite post-processing was performed by taking a 5µl aliquot of the single-

primer PCR amplified single cell DNA.  The pre-processed DNA was first amplified utilizing 

barcoded primers designed to specifically anneal to MseI-digested microsatellite DNA 

fragments (Table 4).  Each single cell was amplified with a specific dual-indexed PCR primer 

in order to multiplex for sequencing.  PCR was performed on the single cell DNA utilizing 1x 

KAPA High Fidelity master mix, 0.5µM MseI-i5 PCR primer, 0.5µM MseI-i7 PCR primer, and 

0.4x SYBR green.  PCR cycling consisted of 95C 3min initial denaturation, followed by 25 

cycles of 98C 20 seconds, 60C 15 seconds, and 72C 30 seconds, and finished with a 72C 1 

minute final extension.  PCR product was purified utilizing AMPure XP bead PCR cleanup by 

adding 0.8x SPRI beads and performing two 80% ethanol washes.  Washed PCR amplicons 

were eluted in 20µl water. 
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 In order to enrich for microsatellite sequences, we designed and produced single 

stranded DNA probes that targeted 11,380 microsatellite sequences (Figure 9) with ~2x tiling.  

These probes were labeled with biotin to allow for a magnetic streptavidin-coated bead 

pulldown for enrichment.  We enriched for the selected microsatellite sequences by utilizing 

the designed DNA probes and commercially available IDT xGEN hybridization and wash kit.  

We performed a two-stage capture as previously described (Schmitt et al., 2015).  Briefly, all 

single cells for the experiment was pooled equally to a total mass of 500ng.  A first round of 

DNA hybridization was performed with 3pmol of the biotinylated probes, followed by xGEN 

hybridization and washing, and 16 cycles of PCR utilizing primers designed to target universal 

Illumina P5 and P7 adapter regions.  A second round of DNA hybridization was performed with 

1.5pmol of biotinylated probes, followed by xGEN hybridization and washing, and 10 cycles 

of PCR.  The final PCR produce was purified with 1.2x volume of AMPure XP beads and eluted 

in 22µl of water.  Enriched microsatellite DNA was sequenced utilizing an Illumina HiSeq 2500 

paired-end flowcell (read 1: 250 base pairs, read 2: 75bp, index 1: 8bp, and index2: 8bp) at a 

targeted depth of approximately 3 million reads per single cell. 

 

Bisulfite conversion and methylation sequencing 

 Methylation post-processing was performed by taking the remaining 20µl of the single-

primer PCR amplified single cell DNA.  In order to determine methylation status, we first 

bisulfite converted the DNA fragments by adding the PCR amplicons directly into Zymo EZ-

DNA Methylation Direct conversion reagent.  Each single cell was converted in individual 

tubes such that samples were not cross-contaminated.  Bisulfite conversion was performed 

according to manufacturer specifications and eluted in 26µl of water. 
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 Because of the use of methylated hairpin loop adapters for ligation, the primer binding 

sites for the adapter regions were conserved in the original DNA fragments and not the single 

primer PCR fragments during single cell processing.  This allowed us to distinguish and amplify 

the original methylation signal from MspI-digested fragments.  PCR was performed on the 

bisulfite converted DNA utilizing 1x KAPA High Fidelity master mix, 0.5µM MspI-i5 PCR 

primer, 0.5µM MspI-i7 PCR primer, and 0.4x SYBR green.  PCR cycling consisted of 95C 

3min initial denaturation, followed by 32 cycles of 98C 20 seconds, 60C 15 seconds, and 72C 

30 seconds, and finished with a 72C 1 minute final extension.  PCR products were purified 

utilizing AMPure Xp bead PCR cleanup by adding 0.8x SPRI beads and performing two 80% 

ethanol washes.  Purified PCR amplicons were eluted in 20µl water, pooled, and sequenced 

utilizing the Illumina MiSeq paired-end platform (minimum read lengths of read 1: 75 base 

pairs, read2: 75bp, index 1: 8bp, and index2: 8bp) at a targeted depth of approximately 1 million 

reads per single cell. 

 

Portions of Chapter 2 in part are a reprint of material in submission as it appears in 

“RETrace: simultaneous retrospective lineage tracing and methylation profiling of single cells.”  

The dissertation author was the primary author of this paper along with Kun Zhang. 
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Table 4. Oligo sequences for RETrace. 

Stem-loop adapter 
(from Methylated 
NEBNext kit) 

/5Phos/GATCGGAAGAGCACACGTCTGAACTCCAGT
CdUACACTCTTTCCCTACACGACGCTCTTCCGATCT 

MseI-i5 PCR primer AATGATACGGCGACCACCGAGATCTACAC[Index]ACA
CTCTTTCCCTACACGACGCTCTTCCGATCT*T*A*A 

MseI-i7 PCR primer CAAGCAGAAGACGGCATACGAGAT[Index]GTGACTGG
AGTTCAGACGTGTGCTCTTCCGATCT*T*A*A 

MspI-i5 PCR primer AATGATACGGCGACCACCGAGATCTACAC[Index]ACA
CTCTTTCCCTACACGACGCTCTTCCGA*T*C*T 

MspI-i7 PCR primer AATGATACGGCGACCACCGAGATCTACAC[Index]ACA
CTCTTTCCCTACACGACGCTCTTCCGA*T*C*T 

KAPA_RCA_Primer AGGGAAAGAGTGTCGACTGGAGTTCAGACGT*G*T 
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CHAPTER 3.  IMPLEMENTATION OF RETRACE 

3.1. Abstract for Chapter 3

In order to evaluate RETrace accuracy in both retrospective lineage tracing and cell 

typing, we utilized a HCT116 single cell ex vivo tree.  The ex vivo tree provided a ground-truth 

for benchmarking the method.  When compared to other single cell retrospective lineage tracing 

methods, RETrace achieves a higher accuracy (88% accurate triplets) with higher cell division 

resolution (obtaining high resolution reconstruction of trees with at least 184 cell divisions) 

than has been previously achieved.  In addition, we also verified that RETrace is able to 

generally identify the correct colorectal cell line based on single cell methylation when 

compared to other available reference ENCODE cell line datasets.  Overall, we successfully 

demonstrate that RETrace provides a more accurate single cell retrospective lineage trace than 

previous methods and also allows for the novel identification of cell type. 

 

3.2. Introduction 

We aimed to evaluate RETrace accuracy in both reconstructing single cell lineage and 

identifying cell type.  In order to do so, we utilized an ex vivo single cell culture tree of a known 

cell line and structure.  This method of evaluation has been previously utilized in numerous 

studies to evaluate various retrospective lineage tracing methods (Biezuner et al., 2016; Ludwig 

et al., 2019; Stephen J. Salipante & Horwitz, 2007).  In general, ex vivo trees are derived from 

successive single cell cloning in a known tree structure, with each generation expanded from a 

single cell.  Method accuracy is then calculated by determine the number of triplets, or all 

possible three combinations of leaves, that are accurately reconstructed.  As demonstrated in 

Figure 12, triplet accuracy is calculated for all possible trio of leaves in a given ex vivo tree 



51 

based upon correctly identifying the most recent common ancestor for the trio.  The baseline of 

triplet accuracy for an ex vivo tree is consequently 33% for a completely random reconstructed 

lineage tree. 

In addition to triplet accuracy, another important factor to method evaluation is the cell 

division resolution of the retrospective phylogenetic fate map reconstruction.  In theory, higher 

numbers of cell divisions would lead to more potential microsatellite mutations and thus, allow 

for accurate tree reconstruction.  Previous methods have achieved relatively high ex vivo tree 

reconstruction triplet accuracy but with low cell division resolution.  The most recent 

microsatellite-based retrospective lineage tree reconstruction, without the ability to determine 

cell type, achieved a triplet accuracy of 89% with approximately 270 cell division resolution as 

determined by the maximum number of cell division difference between leaves of the ex vivo 

tree (Biezuner et al., 2016).  In addition, a recently published method utilizing mitochondrial 

DNA for retrospective lineage tracing and DNA accessibility or RNA expression for cell type 

determination achieved a slightly lower triplet accuracy of 79% with a cell division resolution 

of approximately 206 divisions. 

A major factor that affects the accuracy and resolution of phylogenetic fate mapping is 

the inherent biological mutation rate of microsatellites for the selected cell line.  Microsatellite 

mutation rate is highly dependent upon the mismatch repair machinery within cells, which may 

be deficient for microsatellite unstable (MSI) cell lines.  MSI cells exhibit an estimated mutation 

rate of 10-3 mutations per locus per cell division, while MSS (microsatellite stable) cells have 

orders of magnitude lower mutation rates of 10-4 to 10-5 (Sun et al., 2012).  Due to the higher 

mutation rate for MSI cell lines and hence higher mutational signal, we should expect higher 

ex vivo tree reconstruction accuracy with lower number of cell divisions.  Previous studies 
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involving the utilization of microsatellites for retrospective lineage tracing have utilized DLD1 

colorectal cell line, which exhibit mismatch repair deficiencies and microsatellite instability 

(Ahmed et al., 2013).  Similarly, we aimed to evaluate RETrace utilizing HCT116, which is 

likewise an MSI mismatch-repair deficient cell line, in order to remain consistent to compare 

accuracy with existing literature. 

 

Figure 12. Triplet accuracy for ex vivo trees.  (A) Graphical representation of a theoretical ex 
vivo tree.  (B) Demonstrations of correctly or incorrectly reconstructed triplet structures. 
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3.3. Ex vivo validation of retrospective lineage tracing 

3.3.1. Design of HCT116 ex vivo tree 

The goal of single cell culture was to create phylogenetic tree with known structure.  In 

order to build the ex vivo single cell culture tree, we obtained HCT116 colorectal carcinoma 

cell line from Coriell Institute and initially cultured cells in McCoy’s 5A media with 1% 

Penicillin-Streptomycin and 15% FBS.  Once the HCT116 cells reached ~75% confluency in a 

T-75 flask, we utilized FACS to identify (forward and side-scatter) and sort single cells into 

individual wells of a Nunclon Delta coated 96-well culture plates.  These single cells were 

cultured for approximately 2 weeks in the 96-well culture plates containing 100µl of 75% 

complete media and 25% conditioned media.  Conditioned media was prepared prior to use 

from another flask of HCT116 grow in complete McCoy’s 5A media and filtered with a 0.22µM 

filter.  Cells were trypsinized once confluent and transferred into a single well of a 24 well plate 

containing 1ml complete media and allowed to grow for 3 days.  After 3 days, the cells were 

again trypsinized and transferred to a single well in a 6-well plate.  Finally, after having grown 

for an additional 3 days, all cells from a single well of the 6-well plate were trypsinized and 

transferred into a T-75 flask.  This process of culturing from single cell to a T-75 flask was 

repeated three times in order to create an ex vivo tree of three generations with approximately 

23 cell divisions between each generation (Error! Reference source not found.). 
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3.3.2. Microsatellite data processing and lineage tracing 

 Microsatellite loci enriched by hybridization probe capture were utilized for 

retrospective phylogenetic fate mapping.  Raw HiSeq reads were adapter trimmed and filtered 

for bases with a minimum Phred score of 20 by utilizing Cutadapt and Trim-Galore (Marcel, 

2011).  Trimmed single end reads from each single cell were mapped to the GRCh17 hg19 

reference genome using BWA mem aligner with default values (Li & Durbin, 2009).  Single 

cells were filtered to contain a minimum of 200 microsatellites (³ 30 reads per microsatellite 

locus) and 30,000 unique CpG sites (³ 1 read per CpG). 

 One difficulty of microsatellite genotyping is the necessity to separate true 

microsatellite allelotypes from potential polymerase slippage noise.  We aimed to limit such 

noise both experimentally through several cycles of linear amplification prior to microsatellite 

enrichment and bioinformatically by adjusting for microsatellite stutter noise.  In order to adjust 

for in vitro slippage error, we utilized HipSTR to calculate single cell microsatellite allelotypes 

(Gymrek et al., 2017).  De novo stutter modeling was performed by running HipSTR on all 

single cells simultaneously using default values.  HipSTR allelotypes were filtered to require a 

minimum 0.7 posterior probability of the genotype call.  The result of microsatellite allelotype 

was a list of diploid microsatellite allelotypes for each single cell. 

In order to reduce the effect of spurious microsatellite allelotype calls, we calculated a 

pseudo-bulk from all single cells for each targeted microsatellite and removed calls that were 

not within a distance of one subunit from any other existing single cell microsatellite subunit 

count.  In order to calculate the distance between each single cell, we utilized an Equal or Not 

distance metric as previously described (Chapal-Ilani et al., 2013).  Briefly, given cells i and j, 
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set {L} number of microsatellites shared between each, and set of alleles {𝐴𝑙𝑙𝑒𝑙𝑜𝑡𝑦𝑝𝑒)}, 𝑙 ∈ 𝐿 

for each single cell, the distance between each single cell 𝐷(𝑖, 𝑗) was calculated as: 

𝐷(𝑖, 𝑗) = 	
1
𝐿 6 min	 :

𝐴;) 	⊖	𝐴=)

2 ?
)∈{@}

 

 where: 

𝐴;) = AB𝑎;,D) … 𝑎;,DFG) H	|	0 ≤ 𝑥 ≤ 𝑛N 

𝐴=) = AB𝑎=,O) …𝑎=,OFG) H	|	0 ≤ 𝑦 ≤ 𝑛N 

𝑛 = min	(𝑙𝑒𝑛𝑔𝑡ℎB𝐴𝑙𝑙𝑒𝑙𝑜𝑡𝑦𝑝𝑒;)H, 𝑙𝑒𝑛𝑔𝑡ℎB𝐴𝑙𝑙𝑒𝑙𝑜𝑡𝑦𝑝𝑒=)H 

 With pairwise Equal or Not distances calculated for each pair of single cells, we utilized 

a neighbor joining approach to build the phylogenetic fate map for the single cells.  Because 

the ex vivo tree from which each single cell was derived contained a single cell type (HCT116), 

we made a reasonable assumption that the rate of cell division was constant.  Consequently, we 

rooted the final phylogenetic tree at its midpoint.  Phylogenetic bootstrapping was performed 

to determine the robustness of each reconstructed tree node by resampling single cells leaves 

from the tree 1000 times.  Tree reconstruction accuracy was calculated by analyzing whether 

the most recent common ancestor was correctly identified for each trio of single cells as 

previously described (Biezuner et al., 2016). 

 

3.3.3. RETrace accuracy in reconstructing ex vivo tree structure 

In order to validate RETrace, we created an ex vivo cell culture tree through successive 

single cell expansion of HCT116 human colorectal cancer cell line (see Materials and Methods).  

The ex vivo tree provided a known ground truth for determining the accuracy of RETrace 

retrospective lineage tracing.  This method of phylogenetic fate mapping method validation was 
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similar to those utilized previously with other cancer cell lines that exhibit microsatellite 

instability, which have an estimated 10-3 mutations per microsatellite per cell division (Biezuner 

et al., 2016).  Single HCT116 cells were seeded and expanded for an estimated 23 cell divisions 

per passage in a known tree structure for a total of four passages from root prior to a final sort 

and analysis, resulting in a tree that had contained a maximum of 184 cell division difference 

between single cells. 

 From eight different clones within the HCT116 ex vivo tree (Error! Reference source 

not found.), we sorted 138 single cells through FACS, performed RETrace processing, post-

processed with microsatellite hybridization enrichment, and sequenced each of these for 

microsatellite sequences with a depth of approximately 3 million 250bp reads.  We performed 

quality filtering to select 114 single cells that captured at least 200 microsatellites (³ 30 reads 

per microsatellite locus) and 30,000 unique CpG sites (³ 1 read per CpG).  These cutoffs were 

determined empirically through analysis of single cell capture along with negative control and 

bulk samples (Figure 15).  On average after filtering, 1217 microsatellites were captured per 

single cell at a high sequencing depth with 388 microsatellites shared between each pair of 

single cells. 

We constructed a single cell retrospective lineage tree (Figure 16A) by calculating an 

Equal or Not distance between shared microsatellite allelotypes of each pair of cells (Chapal-

Ilani et al., 2013).  In addition, we make a reasonable assumption that microsatellite loci mutate 

at a conserved rate across all single cells within our HCT116 ex vivo tree and thus utilized 

midpoint rooting for the neighbor joining phylogenetic tree.  We then aimed to calculate the ex 

vivo tree reconstruction accuracy of RETrace by utilizing a triplet accuracy method that has 

been previously utilized (Biezuner et al., 2016; Ludwig et al., 2019).  Briefly, triplet accuracy 
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is calculated by determining whether the most recent common ancestor was accurately 

identified per every possible trio of single cells within the phylogenetic tree with a 33% baseline 

of a completely random tree.  RETrace triplet accuracy for the reconstructed HCT116 ex vivo 

tree was 88% across all possible single cell triplets derived from the eight clones analyzed. 

Tree accuracy is controlled by two main factors: the inherent accuracy of the method for 

retrospective lineage tracing and the number of mutations expected between single cells in the 

tree, which is highly dependent on the number of cell divisions between each node.  High 

accuracy retrospective tree reconstruction becomes increasingly difficult with lower number of 

cell division differences between single cells, as the number of microsatellites expected to be 

different between the two cells drops.  As shown in Figure 16B, RETrace maintains a high 

lineage tracing accuracy of 74% with single cells 92 cell divisions apart, which was the highest 

resolution for the clones selected from the HCT116 ex vivo tree.   

When compared to existing methods for retrospective lineage tracing, we see that 

RETrace achieves a higher accuracy with much higher resolution (Figure 16C).  Two prominent 

existing methods for retrospective lineage tracing utilize either SNV from mtDNA or MDA-

based WGA followed by microsatellite enrichment.  We hypothesize that microsatellites exhibit 

a much higher mutation rate than single base mutations in mitochondria, thus attributing to the 

higher triplet accuracy of RETrace.  In addition, we see that the linear amplification method in 

RETrace introduces lower amounts of noise in microsatellite measurements, allowing for a gain 

of approximately 100 cell divisions in resolution when compared to existing microsatellite-

based lineage tracing methods.  We see that these gains in accuracy and resolution are relatively 

stable for varying total number of microsatellite loci captured per single cell down to 
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approximately 800 loci, with the potential for improvement with further development of larger 

microsatellite probe sets (Figure 17, Figure 18).  
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Figure 14. Capture analysis of single cell and bulk.  (A) Microsatellite capture efficiency (³ 30 
reads per locus) compared between single cells and bulk.  (B) CpG capture efficiency (³ 1 read 
per CpG) compared between single cells and bulk.  
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Figure 15. Microsatellite and methylation capture statistics for varying levels of cell input.  
Unique CpG sites had at least one read per site, while microsatellite loci were captured with a 
minimum of 30 reads.  Based on these results, we empirically set the cutoff of 200 
microsatellites and 30,000 CpGs for analyzing single cell.  Note that we did not perform 
microsatellite enrichment and sequencing on the negative control samples and thus, only 
methylation was analyzed for background. 

  



62 

 

Figure 16. Retrospective lineage tracing accuracy based on microsatellite capture of single cells 
from HCT116 ex vivo tree.  (A) Diagram of complete phylogenetic tree with colors 
corresponding to clones from original ex vivo tree.  (B) Accuracy of tree calling based on 
varying number of estimated cell division difference sbetween each clone.  An overall tree 
accuracy of 88% was observed by using all possible triplets from tree.  (C) Overall tree accuracy 
compared to maximum cell divisions recapitulated in tree compared to existing methods for 
phylogenetic tree mapping (Biezuner et al., 2016; Ludwig et al., 2019).  
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Figure 17. Tree accuracy as a function of the number of targets per single cell.  To evaluate the 
effect of target capture efficiency on overall tree lineage reconstruction accuracy, we randomly 
down sampled captured targets from the HCT116 ex vivo single cells to varying levels.  (A) 
Overall tree accuracy versus number of targets captured (10 trials of random down sampling 
per target capture level).  (B) Average number of targets shared per pair of single cells.  (C) 
Number of single cells retained with at least the prerequisite number of targets, which was kept 
as constant.  
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Figure 18. Tree accuracy as function of number of targets with an additional filtering of low 
capture efficiency single cells.  To evaluate the effect of target capture efficiency on overall 
lineage reconstruction accuracy, we randomly down sampled captured targets from the HCT116 
ex vivo single cells to varying levels.  If fewer targets were captured in the original raw data, 
we discarded the single cell from this analysis.  (A) Overall tree accuracy versus number of 
targets captured.  (B) Average number of targets shared per pair of single cells.  (C) Number of 
single cells retained with at least the prerequisite number of targets. 
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3.4. Ex vivo validation of simultaneous methylation characterization 

3.4.1. Single cell methylation processing and cell type determination 

 Bisulfite converted product for each single cell from the HCT116 ex vivo tree was 

sequenced to approximately 125,000 paired end reads on a MiSeq.  The methylation status of 

all cytosines was determined utilizing methylpy with default settings in addition to quality 

trimming bases with minimum PHRED quality score of 30 (Schultz et al., 2015).  Single cells 

were filtered as previously described by keeping cells that captured at least 200 microsatellites 

(³ 30 reads per microsatellite locus) and 30,000 unique CpG sites (³ 1 read per CpG). 

In addition, ENCODE RRBS data for all cell lines (except for low coverage HUES66 

and H7-mESC) were downloaded and processed similarly with methylpy.  We then aimed to 

compare each single cell to all ENCODE reference cell lines by calculating pairwise 

dissimilarity for all shared cytosines in a CGN context.  Briefly, pairwise dissimilarity is a 

previously developed single cell methylation method for determining methylation state by 

comparing methylation rate of shared CpGs between each single cell and reference cell line 

(Hui et al., 2018).  Pairwise dissimilarity is calculated as follows given single cell i and 

reference cell line j, set {M} of all pairwise shared CpGs: 

𝑃𝐷 =	
1
𝑀 6 absB𝑚𝑒𝑡ℎ𝑅𝑎𝑡𝑒;,Y −𝑚𝑒𝑡ℎ𝑅𝑎𝑡𝑒=,YH × 100

Y∈{\}

 

We calculated PD between each pair of single cell and reference cell line.  We hypothesized 

that HCT116 would have the lowest pairwise dissimilarity with each single cell.  In order to 

visualize this, we plotted all pairwise dissimilarities on a Python seaborn heatmap with z-scores 

calculated within each single cell. 
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 In order to determine batch effects across ex vivo single cell clones, we also plotted a 

UMAP of rate of methylation within each Ensembl hg19 regulatory build window (Mulqueen 

et al., 2018).  Methlyation rate was calculated by taking the ratio of reads exhibiting CpG 

methylation found within regulator build windows.  We then utilized non-negative matrix 

factorization and plotted features utilizing UMAP (McInnes, Healy, Saul, & Großberger, 2018). 

 

3.4.2. RETrace accuracy in characterizing ex vivo cell type 

 With RETrace, we were able to simultaneously capture the DNA methylation status for 

each single cell processed from the ex vivo HCT116 single cell tree.  As mentioned above, we 

obtained 114 single cells after filtering for adequate microsatellite (200 loci) and methylation 

(30,000 unique CpG) coverage.  On average, each single cell contained approximately 35% of 

the number of CpGs captured in bulk (150,000 unique CpGs per single cell), which is similar 

to previously developed single cell RRBS methods (Figure 14).  In order to determine whether 

RETrace was able to accurately characterize cell type, we compared single cells to reference 

ENCODE cell lines utilizing a pairwise dissimilarity method as previously described (Hui et 

al., 2018).  As shown in Figure 19A, we demonstrated that the majority of single cells were 

identified as HCT116 with the highest pairwise similarity. 

 However, there is a clade of single cells that do not strongly show high similarity to any 

existing reference cell line.  Upon further investigation, the misclassification of this outgroup 

clade was most likely due to technical causes, as single cells had a much higher chance of 

misclassification if the number of shared CpGs with reference cell lines is less than 50,000 

unique CpGs (Figure 19B).  In addition, we utilized methylation rate across Ensembl regulatory 

build windows in order to demonstrate minimal batch effect among all ex vivo single cell clones 
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(Figure 19C).  In conclusion, we demonstrate that RETrace accurately characterizes single cell 

type through methylation signal while simultaneously recapitulating lineage. 
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Figure 19. RETrace methylation characterization of HCT116 single cells.  (A) Heatmap 
utilizing z-scores of pairwise dissimilarity against ENCODE refererence for each single cell.  
(B) Plot of pairwise dissimilarity between single cells and HCT116 versus number of shared 
CpG sites.  (C) UMAP of all CpG within Ensembl regulatory build windows for all analyzed 
single cells (clustered by ex vivo cell clone). 
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Figure 20. Filtered pairwise dissimilarity between single cells and reference cell lines.  We 
removed technical noise by requiring at least 50,000 unique CpGs shared between each single 
cell and ENCODE cell line.  
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3.5. Future Directions: Implementation of RETrace on human brain samples 

 As demonstrated through our ex vivo HCT116 tree, RETrace has the ability to 

recapitulate the structure of single cell development along with assign each of these single cells 

to their respective cell type with high confidence.  We aimed to apply RETrace to human brain 

nuclei in order to investigate the developmental relationship of various cell types.  To do this, 

we utilized FACS to sort single NeuN+ and NeuN- nuclei derived from frontal cortex, 

hippocampus, and cerebellum from a single 22-year-old adult male.  NeuN antibody staining 

allowed us to separate mature neurons from non-neuronal populations.  Here, we processed a 

total of 144 single nuclei with 86 NeuN+ and 51 NeuN- cells passing the same quality filtering 

metrics as previously utilized for HCT116 (200 microsatellite targets and 30,000 unique CpG 

captured per single nuclei) 

 We demonstrate that RETrace accurately characterizes single nuclei into the expected 

NeuN+ neuronal and NeuN- non-neuronal cell types with more detailed classification of 

potential inhibitory and excitatory neuronal sub-types (Figure 21).  We utilized DMRs 

previously classified for sub-types of single neuronal nuclei (Luo et al., 2017).  Based on the 

heatmap in Figure 21A against reference inhibitory and excitatory neurons, we demonstrate 

clear separation between neurons and non-neurons, and also demonstrate putative neuronal sub-

type classification.  These classifications were also supported when we utilized the methylation 

rate of all CpGs captured within RETrace single nuclei to build a UMAP clustering of the data 

in Figure 21B.  However, when we attempted to utilize microsatellites captured from RETrace 

to perform retrospective lineage tracing, we noticed that the various single nuclei were not 

clustering into their expected developmental lineage (Figure 22), as the broad levels of neurons 

and non-neurons were not separating in the phylogenetic tree. 
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 These results suggest that further work is necessary for adapting RETrace for use in 

normal human tissue, particularly the brain.  While cell type determination with methylation 

signal performs relatively well, microsatellite-based cell lineage recapitulation does not reliably 

separate the various single cells/nuclei.  This may be due to either the fact that the reference 

biological development of the brain is not fully understood or the cell division resolution of our 

current RETrace method may be insufficient for the given tissue type.  For future work, we aim 

to further explore the limitations of RETrace by utilizing microsatellite stable ex vivo cultures, 

which potentially exhibit 10 to 100x lower mutation rate than our current microsatellite instable 

HCT116 ex vivo single cell culture. 

 

Portions of Chapter 3 in part are a reprint of material in submission as it appears in 

“RETrace: simultaneous retrospective lineage tracing and methylation profiling of single cells.”  

The dissertation author was the primary author of this paper along with Kun Zhang. 
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Figure 21. Characterization of single neuronal and non-neuronal nuclei.  (A) Heatmap of 
pairwise dissimilarity among single nuclei and reference neuronal cell types utilizing CpGs 
found within previously determined DMRs.  Neuronal and non-neuronal single nuclei separate 
accurately along with excitatory and inhibitory neurons. (B) UMAP of all CpG sites captured 
within neuronal nuclei demonstrate similar clustering. 
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Figure 22. Lineage reconstruction of single neuronal and non-neuronal nuclei. 
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CHAPTER 4: DISCUSSION 

 Single cell retrospective lineage tracing provides the opportunity to characterize the 

developmental history of various human tissues and cells.  Retrospective methods rely upon the 

capture of naturally occurring in vivo mutations, with the majority of methods targeting highly 

mutable microsatellite sequences (Biezuner et al., 2016; Stephen J. Salipante & Horwitz, 2007).  

However, all such methods require the amplification of single cell genomes, which introduce a 

high amount of error.  Here, we quantified this in vitro microsatellite error rate for the first time 

to be at least 100 times higher than natural in vivo mutations per DNA replication event.  This 

initial quantification of microsatellite in vitro slippage mutation rate was performed utilizing 

tri-nucleotide repeats.  While tri-nucleotide repeats have generally a lower mutation rate than 

di-nucleotide repeats and, thus, serve as a lower-bound for in vitro slippage, future work will 

be required to further characterize the mutation rate of other subunit lengths.  In addition, with 

more microsatellite subunit lengths characterized, we can adjust our stutter model for 

microsatellite allelotyping in order to improve the computational lineage reconstruction 

method, which now relies upon HipSTR modeling of microsatellite in vitro slippage. 

We introduce a novel method for linear whole genome amplification in order to limit 

the introduction of in vitro microsatellite replication noise.  This allowed us to perform highly 

accurate (88% accuracy) lineage tracing at much higher cell division resolution (maximum of 

184 divisions between single cells) than has been previously achieved in other microsatellite 

capture methods.  In addition, RETrace also provides the opportunity to perform cell type 

classification through the simultaneous capture of methylation information from single cells.  

Previous methods have been developed to capture both lineage and cell type information from 
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the same single cell (Ludwig et al., 2019).  However, such methods have sacrificed accuracy of 

retrospective lineage tracing for cell type classification. 

 One limitation of our method was that RETrace currently obtains relatively low CpG 

coverage that is inherent to single cell RRBS-based methods (Guo et al., 2013).  This has been 

demonstrated above with the sensitivity of cell line classification to the number of unique CpGs 

shared with single cells.  However, RETrace successfully recovered approximately 35% of the 

number of unique CpGs at the single cell level when compared to bulk, which was similar to 

previous single cell RRBS methods.  Care must be taken in quality filtering single cell data to 

only analyze high quality single cells with sufficient information to distinguish cell types, which 

in the case of HCT116 ex vivo validation was approximately 50,000 unique CpGs shared 

between single cell and cell lines.  We propose several methods to improve upon the capture of 

higher numbers of unique CpG sites per single cell.  One such method may be to decrease the 

bisulfite conversion incubation time.  As previously demonstrated in Aim 2, a decrease in 

incubation time led to a decrease in conversion efficiency (thus adding noise into the 

measurement of methylated sites) but dramatically improved the yield of template DNA for 

PCR.  Further experimentation would be required to determine the optimal balance of noise and 

signal obtained by adjusting bisulfite conversion reaction conditions.  Another potential avenue 

for future improvement on methylation signal capture may be to utilize enzymatic-based 

methods for cytosine deamination such as NEB methyl-seq.  Such methods may prove useful 

for retaining higher amounts of genomic material for sequencing without sacrificing conversion 

efficiency. 

 Future work is required to apply RETrace to perform retrospective lineage tracing in 

normal human tissues.  Currently, our method has been validated to dramatically increase 
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accuracy at higher cell division resolution when compared to other single cell phylogenetic fate 

mapping.  We currently have validated RETrace utilizing an MSI cell line, HCT116.  

Microsatellite instability has been shown to increase the microsatellite mutation rate by 10 to 

100 fold compared to microsatellite stable cells due to a lack of mismatch repair mechanism 

(Sun et al., 2012). 

 We propose several potential avenues of future work for applying RETrace to the study 

of normal tissues, particularly human neuronal development.  In order to increase the amount 

of potential signal captured by RETrace, we intend to increase the number of microsatellite loci 

targeted by increasing the hybridization probe panel.  Current iterations of hybridization probe 

design target di-, tri-, tetra-, penta-, and hexa-nucleotide microsatellites.  In order to increase 

our probe panel, we plan to include several mono-nucleotide microsatellite loci, which are 

highly abundant across the genome.  However, further investigation would be necessary to 

characterize whether such mono-nucleotide subunit repeats may introduce increased in vitro 

noise into tree reconstruction. 

  Another area of future work is the further optimization of our linear amplification.  

While we have achieved higher accuracy and resolution than existing methods, we remain 

unable to perfectly reconstruct the ex vivo tree.  This may potentially be due to sub-optimal 

single primer PCR conditions that did not provide enough copies of the original DNA molecules 

for full correction of amplification errors.  Future optimizations to RETrace linear amplification 

may increase the number of original low-error template fragments inputted into MseI-specific 

PCR, thus further mitigating the effects of in vitro polymerase slippage during library 

construction.  In order to optimize reaction conditions, we intend to adjust primer design, 



77 

increase cycling conditions and number of single primer PCR cycles, and potentially explore 

other polymerases for performing amplification. 

While RETrace has been shown to be highly accurate within MSI context, we have yet 

to characterize the performance metrics on tissues other than MSI unstable cancer cells.  

Currently, no other method has yet been validated on normal human tissues and, thus, this 

remains an active area of interest for the field.  With the above proposed additional 

optimizations, RETrace will likely provide the framework for reconstructing highly accurate 

single cell retrospective lineage trees and simultaneous epigenetic profiling on broad human 

tissue types 

 

Portions of Chapter 4 in part are a reprint of material in submission as it appears in 

“RETrace: simultaneous retrospective lineage tracing and methylation profiling of single cells.”  

The dissertation author was the primary author of this paper along with Kun Zhang. 
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