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Abstract 

Genome sequence and expression are highly dynamic. Understanding the forces that drive 

these changes is an important step in rationalizing the connection between an organism’s genome and 

its phenotype This thesis focuses on the development of next-generation sequencing assays to 

characterize DNA polymerase fidelity, which influences genomic variability, and correlated 

transcriptional fluctuations, which reveals the underlying gene co-regulation network controlling gene 

expression changes. 

DNA polymerases are essential for maintaining genetic stability. Although the general 

enzymatic mechanisms influencing fidelity are well understood, its contribution to DNA sequence 

variation is poorly characterized. Chapter 2 describes the development of a high sensitivity barcoding 

assay to measure the in vitro mutation spectrum of DNA polymerases. We used this to reproducibly 

measure the variations in error rate that occur over different template sequences and identify mutation 

hotspots. This assay has the potential to further extend our understanding of DNA polymerase fidelity 

into the genomic context. 

Transcriptional regulators coordinate the timely expression of thousands of genes within the 

genome. Since co-regulated genes are often functionally related, this co-regulatory network holds 

crucial information to guide our functional understanding of gene expression dynamics. Chapter 3 

motivates a conceptual framework to reveal these co-regulatory networks by measuring correlations 



iv 

in steady-state gene expression fluctuations. To measure these correlations, we developed a novel 

single-cell RNA-seq method called Multiple Annealing and Looping Based Amplification Cycles for 

Digital Transcriptomics (MALBAC-DT) with substantially improved transcription detection 

efficiency and accuracy. We found numerous, highly functionally enriched and cell-type specific 

correlated transcriptional module (CTMs) from sequencing homogenous population of human cells. 

These CTMs are predictive of transcription factor binding targets and that they can be used to refine 

our understanding of differential gene expression to the pathway level. Chapter 4 shows the 

application of this correlational analysis to the non-steady-state system of mouse early embryo 

development during the preimplantation stage. We demonstrated that such correlations can be 

predictive of important developmental regulators and verified our predictions through perturbation 

experiments. 
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Chapter 1: Introduction 

1.1 DNA polymerase fidelity 

DNA polymerases have essential roles in maintaining DNA integrity during replication and 

repair. These enzymes need to be highly accurate because incorrect base replication can potentially 

introduce mutations which drive evolution or disease (1,2). In the context of biotechnology, errors 

can impair our ability to accurately amplify, modify, and repair nucleic acid sequences in applications 

such as next generation sequencing (3), which is critically important for molecular diagnosis. 

Therefore, DNA polymerase fidelity has been an area of intense interest.   

DNA polymerases are generally adapted to have high fidelity. Structural and thermodynamic 

studies have revealed general principles that explain this property (4,5). At the polymerization active 

site, a combination of thermodynamic preference for Watson-Crick base pairing and kinetic selectivity 

ensures correct base pairing. In addition, some polymerases involved in DNA replication have a 3’-

>5’ exonuclease domain that can excise incorrectly paired bases. Approximate error rates range from 

10-2 errors per base pair (errors/bp) for the least accurate polymerases down to 10-6 errors/bp for the 

most accurate (Figure 1.1) (6).  

These accepted mechanisms overlook the complexity of DNA polymerase fidelity. Each 

polymerase has a unique error spectrum and is involved in different pathways including DNA 

replication, translesion synthesis, and DNA repair (7). Some DNA polymerases and derivatives such 

as reverse transcriptase are sometimes even involved in deliberate mutagenesis (8,9). Recognition 

between the DNA polymerase active site and DNA can also be affected by numerous factors. 

Chemical modifications introduced by DNA base damage can affect recognition between the 

polymerase active site and its substrate (10,11). Additionally, DNA conformation is sequence 

dependent (12), and its effect on active site recognition has not yet been explored. Indeed, there is 
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evidence that error rates vary by orders of magnitude even for the sample template base (13), which 

suggests that fidelity has a complex sequence dependence. Structural and kinetic studies are not suited 

to investigate this complexity because they can only focus on individual polymerases and substrates. 

This is a significant issue because the consequences of DNA polymerase errors are contextual.  

DNA polymerase fidelity can be quantified in context by measuring the error spectrum of in 

vitro replication for a template of interest. The error spectrum is the rate of all types of nucleotide 

substitution (incorrect base pairing), deletion, and insertion errors throughout a template. From this 

spectrum, mutation hotspots can be identified and the principles governing fidelity can be inferred. 

Historically, the greatest challenge for quantification is the rarity of errors: most templates will have 

no errors, and sequencing these products is unnecessary and time-consuming. Numerous methods 

have been developed to improve throughput by only selecting error-containing products for analysis. 

The most popular method is the LacZα mutation assay (Figure 1.2) (14). This assay uses a LacZα 

 

Figure 1.1. Eukaryotic DNA polymerase error rates and the contribution of different 
processes to error rate (6). DNA polymerase fidelity is influenced by nucleotide selectivity at the 
catalytic site and exonuclease proofreading to remove incorrectly incorporated nucleotides. If 
these checks fail, then an external mismatch repair pathway can be activated to excise the incorrect 
nucleotide. The presence and effectiveness of these mechanisms varies substantially for different 
polymerases. The blue and green labels show the approximate overall base substitution and base 
deletion rates respectively for a variety of human DNA polymerases.  
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reporter gene as the target template so that non-silent errors generate a phenotypically distinct mutant. 

Despite this innovation, this assay is limited to a handful of phenotypically selectable marker genes 

and remains labor-intensive. An alternative assay is denaturing gel electrophoresis (DGGE), which 

uses electrophoresis to separate error-containing products from the bulk of correct replicated products 

(15,16). This assay is straightforward when there are only a few types of possible errors, such as when 

the presence of a DNA lesion causes most errors to be made at a single position. However, this 

technique is less feasible when the error spectrum is more diverse.  

 

Figure 1.2. LacZα mutation assay to measure DNA polymerase fidelity (14). A plasmid 
construct with a gap opposite the lacZα gene is replicated in vitro with the polymerase of interest. 
This construct is then transfected into bacteria, which are plated and clonally expanded. Bacteria 
with correctly replicated constructs will produce β-galactosidase, which will hydrolyze X-Gal 
present in the agar media to produce blue spots. Bacteria transfected with errors inactivating β-
galactosidase will produce light blue or colorless colonies. These mutant colonies are counted and 
the plasmid isolated for sequencing to identify the causal mutation. 
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Substantial gaps in our understanding of DNA polymerase fidelity persist due to these 

technical limitations. The error spectra of relatively few DNA polymerases are characterized, and 

typically not for a template with biological relevance. When it is characterized, only the average error 

rate of the polymerase is usually known. The few studies which quantify errors at base-resolution do 

not have the throughput to verify that their results are reproducible (17). Without a reliable error 

spectrum, mutation hotspots cannot be consistently identified and the principles which govern these 

variations cannot be derived. 

Next-generation sequencing (NGS) has the potential to overcome these limitations. NGS 

platforms can simultaneously process up to billions of sequences at a time, allowing large numbers of 

errors to be detected without the need for intermediate selection steps. The major obstacle is that the 

NGS sequencing error rate is higher than that of the DNA polymerase error rate (18). Chapter 2 will 

discuss the development of a next-generation sequencing based assay that uses barcoding to overcome 

the high error rate of NGS. This assay is compared with classical approaches, then used to investigate 

the sequence dependence of DNA polymerase error rate, identify mutation hotpots, and the quantify 

the effect of a lesion on DNA polymerase fidelity. This proof of principle study demonstrates potential 

applications which should accelerate our understanding of DNA polymerase fidelity and its 

relationship to genomic integrity.  

1.2 Gene co-regulation inference with single-cell RNA-seq 

Transcriptome-wide gene expression measurements have provided us with an extensive 

catalog of gene expression patterns in organisms. To properly interpret this data, the functions and 

interactions of these genes need to be understood. This is a substantial challenge given that thousands 

of genes are typically expressed in a single mammalian cell, but it can be approached by recognizing 

that regulatory molecules simultaneously activate or repress the expression of genes that act in 

functionally related pathways (Figure 1.3) (19-21). Therefore, an understanding of gene co-regulation 
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will allow us to group genes into functionally related modules, simplifying the analysis of this problem 

and guiding our functional hypotheses. 

Experimental and computational advancements have led to dramatic progress in mapping 

regulatory networks. One way has been to find the binding targets of a regulator by determining 

binding motifs (22) or mapping binding locations using techniques such as ChIP-seq which identify 

protein interactions with DNA (23). However, these approaches suffer from a lack of specificity in 

identifying true regulatory links. Binding motifs are broadly distributed over the entire genome, and 

many of these locations are poor predictors of target genes (24). For ChIP-seq, protein binding does 

not necessarily mean the protein is actively regulating the gene (25). An alternative approach is to infer 

regulatory relationships from statistical associations in gene expression (Figure 1.4) (26). This is based 

on the principle that co-regulated genes, and to a lesser extent the regulator itself, should be co-

expressed. This co-expression analysis has traditionally been performed by comparing bulk RNA 

sequencing or microarrays datasets across numerous cell types or conditions and clustering genes into 

co-expressed modules. The advent of single-cell RNA-seq has offered a major advantage because 

 

Figure 1.3. A schematic of a simple regulatory network (21). Gene expression is regulated by 
transcription factors, cofactors, and chromatin remodelers. Transcription factors act together with 
cofactors to control patterns of gene expression. The entirety of these interactions is known as a 
gene regulatory network (GRN).  
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thousands of single cells can be profiled simultaneously, greatly improving statistical power (27). 

Unfortunately, the fraction of genes with shared function in these modules is typically quite low (28), 

possibly because of co-differential regulation of unrelated pathways across cell types or conditions. A 

related issue also affects perturbation screens (29) since regulator knockdown results in differential 

expression of genes that are both directly and indirectly regulated by the perturbed factor (30). These 

issues have substantially limited our ability to use gene co-regulation to organize our functional 

understanding of the genome. 

Chapter 3 presents a novel approach that uses single-cell RNA-seq to infer gene co-regulation 

with far greater resolution and completeness than previously possible. We solve the issue of large, 

non-specific gene clusters by clustering genes according to correlations in their steady-state gene 

expression fluctuations. We justify this approach using a simple kinetic model showing that 

fluctuations in regulator activity generate correlated fluctuations in its downstream targets. Therefore, 

clustering according to these correlated fluctuations is expected to reveal co-regulated genes. Since 

existing single-cell RNA-seq methods do not meet the technical requirements necessary to detect such 

correlations, the chapter will also describe the development of a novel, high-accuracy and high-

 

Figure 1.4. Gene regulatory network inference using single-cell RNA-seq expression data 
(27). Gene regulatory relationships can be inferred from single-cell level RNA quantification data. 
By calculating the statistical relationships between pairs (or groups) of genes, statistical associations 
amongst genes can be determined. These associations can be used to find groups of genes which 
are likely to be co-regulated. Integration of this information with other datasets or analyses such 
as ChIP-seq can be used to create a representation of the gene regulatory network. 
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sensitivity single-cell RNA-seq assay called Multiple Annealing and Looping Based Amplification 

Cycles for Digital Transcriptomics (MALBAC-DT). The application of this method to two human 

cell lines, U-2 OS and HEK293T, for the identification of co-regulated genes will be discussed. 

1.3 Mouse early embryonic development 

The first stages of mouse embryo development occur during the preimplantation period when 

a unicellular, totipotent zygote divides and differentiates into the three lineages of the blastocyst: the 

trophectoderm (TE), the epiblast (EPI), and the primitive endoderm (PE) (Figure 1.5) (31). In contrast 

 

Figure 1.5. Outline of mouse preimplantation embryo development (31). Schematic of 
morphological changes and lineage commitment steps during preimplantation development. The 
unicellular zygote cleaves into sister blastomeres while maintaining overall embryo volume. 
Zygotic genome activation occurs at the 2-cell stage. Morphological asymmetry becomes apparent 
at the 16 cell (morula) stage when inner and outer cells form. The inner cell mass subsequently 
differentiates into the primitive endoderm (PE) and epiblast (EPI) while the outer cell mass forms 
the trophectoderm (TE).   
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to lower organisms such as drosophila (32), the mammalian preimplantation embryo does not begin 

with obvious polarity that signals the cell fate of each blastomere. Instead, the embryo spontaneously 

self-organizes during division and is highly resistant to perturbations such as blastomere removal 

before the morula stage. Genetic regulation is critical to this process, and the ways in which gene 

expression determine early lineage commitment have been fundamental questions in developmental 

biology. 

The general outline of the molecular events occurring during this process is understood. At 

the zygote stage, development is driven by maternal factors such as proteins and RNAs inherited from 

the oocyte. Zygotic genome activation occurs primarily at the 2-cell stage, where epigenetic changes 

induce large-scale activation of gene expression. At this point, zygotic genes become increasingly 

important while maternal RNAs are continually degraded and diluted. Clear differences in gene 

expression arise at the 16-cell (morula) stage, where signaling pathways such as HIPPO react to 

changes in cell polarity and cellular contacts to induce the expression of initial lineage commitment 

regulators Sox2 and Cdx2. The outer cells eventually differentiate into the trophectoderm, whereas the 

inner cells undergo further gene expression patterning to differentiate into the primitive endoderm 

and the epiblast. 

Although the roles of some key lineage specification genes are well characterized during this 

process, the regulatory pathways are still largely unknown. There are thousands of genes expressed at 

various stages of preimplantation development which still have unknown functions (33). The point of 

cell fate specification is also not well defined. Lineage markers have been identified after the 16-cell 

morula stage, but there is evidence that gene expression differences in the blastomeres can bias cell 

fate as early as the 4-cell stage (34). Genome-scale perturbation screens have been applied to find 

important developmental regulators (35), but these screens typically only assess gross phenotypic 

changes and negative results could be the result of inadequate perturbation. To progress further, we 
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need ways to direct and rationalize our hypotheses for functional characterization. Chapter 4 will 

describe the application of MALBAC-DT to the discovery of important developmental regulators in 

the mouse preimplantation embryo. We determine putative regulatory interactions within each stage 

of development to identify likely regulators and use RNA interference to verify our predictions. 
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Chapter 2: Mapping DNA Polymerase Errors by 

Single-Molecule Sequencing 

The contents of this chapter are an extended version of the following paper: 

Lee, D. F., Lu, J., Chang, S., Loparo, J. J., & Xie, X. S. (2016). Mapping DNA polymerase errors by 

single-molecule sequencing. Nucleic Acids Research, 44(13), e118. http://doi.org/10.1093/nar/gkw436 

2.1 Abstract 

Genomic integrity is compromised by DNA polymerase replication errors, which occur in a 

sequence-dependent manner across the genome. Accurate and complete quantification of a DNA 

polymerase’s error spectrum is challenging because errors are rare and difficult to detect. We report a 

high-throughput sequencing assay to map in vitro DNA replication errors at the single-molecule level. 

Unlike previous methods, our assay can rapidly detect a large number of polymerase errors at base 

resolution over any template substrate without quantification bias. To overcome the high error rate 

of high-throughput sequencing, our assay uses a barcoding strategy in which each replication product 

is tagged with a unique nucleotide sequence before amplification. This allows multiple sequencing 

reads of the same product to be compared so that sequencing errors can be found and removed. We 

demonstrate the ability of our assay to characterize the average error rate, error hotspots, and lesion 

bypass fidelity of several DNA polymerases. 

2.2 Introduction 

2.2.1 DNA polymerase fidelity and limitations of existing measurement methods 

DNA polymerases act during DNA replication and repair to catalyze the synthesis of a 

complementary DNA strand from a DNA template. This role makes them essential enzymes both in 

vivo for cell proliferation and in vitro for assays such as PCR. An important quality of DNA polymerases 
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is their ability to accurately synthesize the complementary strand. Errors made during cell division or 

DNA repair can drive disease or evolution (1,2), while errors made during in vitro strand synthesis are 

a major source of artifacts in sequencing-based assays (3,4). Therefore, (concluding sentence). 

Numerous factors affect the error rate of a DNA polymerase. Each DNA polymerase has a 

unique error spectrum, and each organism contains a diverse mix of DNA polymerases that are 

recruited by different pathways (5). Error rates also vary with the template sequence, and bases where 

a DNA polymerase is particularly error prone (‘error hotspots’) undergo accelerated mutagenesis (6,7). 

In addition, DNA bases are subject to chemical modifications in vivo which can compromise fidelity 

to different degrees depending on the replicating polymerase (8,9). Altogether, these factors make 

DNA polymerase fidelity challenging to understand. 

DNA polymerase fidelity can be measured by quantifying the errors made during in vitro DNA 

replication, where an individual polymerase is isolated in a controlled chemical environment with a 

known template. However, because DNA polymerases typically have error rates of 1 x 10-3 or less (5), 

errors are rare and quantifying them is a challenge. Early methods involved transfecting the replication 

products into bacteria for clonal amplification and sequencing (10). This method allows the average 

error rate of a polymerase to be determined, but error rates cannot be quantified at base resolution 

because very few errors can be collected. Mutation assays, which follow a similar methodology, select 

a target gene that causes a phenotypic change in the transfected bacteria if incorrectly replicated, 

allowing colonies with error-containing products to be selected (11-14). This modification improves 

throughput but can only be used to detect errors at phenotypically detectable sites on a limited number 

of template sequences, and remains relatively low-throughput. Non-phenotypically detectable errors 

can only be scored if multiple errors are made during each round of replication, which only occurs 

frequently for highly inaccurate polymerases (15). As an alternative to phenotypic selection, denaturing 

electrophoresis or thin layer chromatography can be used to separate error-containing products 
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(16,17). Separation using these techniques is simple when only a few products are present, such as 

when a DNA lesion causes most errors to be made at a single position. However, when the error 

diversity is greater, achieving good error resolution is challenging because multiple cycles of separation, 

purification, and sequencing identification are required. In light of these limitations, our understanding 

of DNA polymerase fidelity would benefit from a new technique that has greater throughput and 

fewer practical restrictions. 

2.2.2 A barcoded next-generation sequencing assay for sensitive detection of 

DNA polymerase errors 

Next-generation sequencing offers a powerful alternative to these previous methods. With 

next-generation sequencing, replication products can be sequenced directly at high-throughput, 

allowing quantification of rare errors without intermediate error detection and product separation 

steps. A significant obstacle to this approach is the high rate of sequencing error in high-throughput 

sequencing instruments. However, this obstacle has been overcome with a strategy known as 

barcoding (18-22), which allows sequencing errors to be identified and separated. Barcoded high-

throughput sequencing techniques have previously been used to quantify DNA polymerase fidelity, 

but these previous approaches had limitations. In one approach, the error rate of the engineered 

Phusion DNA polymerase was determined by quantifying the proportion of PCR products that 

contained errors (18). However, errors can affect PCR efficiency and cause amplification bias (23). 

Another approach had a high background error rate, making DNA polymerase errors difficult to 

distinguish (24).  

We designed an improved approach that avoids PCR quantification bias by quantifying error 

rates from a single round of DNA synthesis. Furthermore, we demonstrate that our barcoding 

approach can remove sequencing errors, resulting in a low error background. The assay workflow is 

illustrated in Figure 1.1.  A pool of templates with identical sequences undergoes one round of 
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extension with the polymerase of interest (Figure 2.1A). The primers (Figure 2.1B) contain a 

randomized 12bp barcode sequence to tag each product with a unique ‘product barcode’. The primers 

also contain a ‘condition barcode’ unique to each reaction condition, allowing multiple reactions to be 

pooled and sequenced simultaneously. After extension by the polymerase of interest, the 

complementary strand is synthesized by a high-fidelity polymerase using a primer of the same 

structure. This complementary strand is then PCR amplified using primers complementary to the 

partial Illumina adapters on both ends of the product, generating a library with multiple barcoded 

 

Figure 2.1. Schematic of barcoding strategy. (A) Workflow to generate products for paired-
end sequencing. The pool of templates is replicated using the polymerase of interest. The 
complementary strands are then synthesized using a high-fidelity polymerase. In both cases, a 
special primer (green and purple) containing a partial Illumina Adapter, a random product barcode, 
and a condition barcode is used. Primers complementary to the partial Illumina adapter are used 
to PCR amplify the complementary strands, forming the sequencing library. Each amplification 
product is tagged with a unique set of product barcodes that indicates its origin. (B) The special 
primer contains a part of the Illumina sequencing adapter, a ‘condition barcode’ that is unique to 
each reaction, a 12bp randomized ‘product barcode’ that uniquely tags each product, and the 
priming sequencing for the region of interest. (C) After sequencing, reads are grouped according 
to condition barcode and product barcode. Sequences are aligned to the correct sequence and 
errors are called. Errors are only kept if they are present in all copies, otherwise they are discarded 
as sequencing error. 
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copies of each original product. After paired-end sequencing, the reads are grouped according to the 

product barcodes on both ends (Figure 2.1C). Errors generated in the initial extension by the 

polymerase of interest should be present in all copies of the product. Sequencing errors can be 

recognized because they are most likely present in only a fraction of copies and can therefore be 

eliminated. After sequencing errors are filtered out, the DNA polymerase errors are obtained for each 

product. This approach is not subject to PCR quantification biases because error rates are quantified 

using the number of unique products and not their final amplified amount. 

2.3 Results 

2.3.1 Removal of sequencing and amplification errors with barcoding 

To test if the barcoding strategy could reduce sequencing errors, we determined the error rate 

of Q5 when different numbers of product copies were used to filter sequencing errors. To do this, we 

grouped products according to the number of copies captured by sequencing and determined the error 

rate as a function of copy number. Since Q5 was used for both initial extension and complementary 

strand synthesis, the true error rate was calculated as half the recorded value. These error rates were 

averaged over two template sequences: a 188 base sequence within the chloramphenicol 

acetyltransferase (CmR) gene of the pBeloBac11 plasmid vector and a 281 base sequence within the 

LacZɑ gene of the pOPINP plasmid vector (Supplementary Tables S2.2 and S2.3). One replicate over 

the LacZɑ locus was excluded because the template showed evidence of DNA damage (Supplementary 

Figure S2.1). 

For products with only one copy, sequencing errors and polymerase errors could not be 

separated and the recorded error rate was 1.3 x 10-4 substitutions/bp (Figure 2.2). For products with 

2 copies, the error rate decreased to 5.6 x 10-6 substitutions/bp because sequencing errors were 

removed. When more copies were present, the substitution error rate decreased further to 4.4 x 10-6 

substitutions/bp for 5 copies. Sequencing generated deletions and insertions were also removed, with 
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these error rates decreasing from 0.99 x 10-5 deletions/bp and 2.2 x 10-7 insertions/bp at 1 copy to no 

detected deletions or insertions at 5 copies (Figure 2.2). This shows that our barcoding method 

successfully allows the separation and removal of sequencing errors. Furthermore, most sequencing 

errors were removed with only 2 barcoded copies of a product, which minimizes the additional 

sequencing cost of barcoding. 

In addition to removing sequencing errors, we took measures to minimize other sources of 

false positives throughout the protocol. We generated the starting templates by clonally amplifying a 

plasmid containing the template sequence in E. coli. E. coli replication has a low error rate of about 1 

x 10-9 errors per base pair per replication (25) and generates a homogenous starting template pool. We 

also minimized errors during synthesis and PCR amplification of the complementary strand by using 

Q5 DNA polymerase (Q5), the highest fidelity DNA polymerase available.  

2.3.2 Comparison with measurements from classical methods 

Numerous, sometimes conflicting measurements on the average error rate of DNA polymerases 

exist in the literature. To compare the results of our assay with published results, we measured the 

average error rates of 3’->5’ exonuclease deficient Klenow Fragment (Klenow (exo-)), Taq, E. coli Y-

 

Figure 2.2. Q5 error rate as a function of product copy number. As the number of product 
copies used for comparison is increased, sequencing errors are increasingly eliminated. Error bars 
indicate standard error. 
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family DNA Polymerase IV (Pol IV) and Q5 over the CmR, LacZα (-) strand, and LacZα (+) strand loci 

(Supplementary Tables S2.4 and S2.5). To minimize sequencing errors while maximizing product 

number, we analyzed products with 3 or more copies. The Q5 error rate was subtracted from our 

measurements to account for errors made during complementary strand synthesis. We measured the 

error rates over two technical replicates, where replicates were done by taking aliquots from the 

template pool and conducting the assay on each in parallel. We compared our results with those 

previously collected using denaturing gradient gel electrophoresis (DGGE) (23), sequencing of mutant 

bacterial colonies with LacZα forward mutation selection (11,26-29), or direct sequencing of bacterial 

colonies without phenotypic selection (10,30) (Supplementary Table S2.6). Our error rates for Klenow 

(exo-) and Taq were similar to both DGGE and direct sequencing values (Figure 2.3). In contrast, our 

 

Figure 2.3. Comparison of error rates. Results are shown from our barcoded sequencing assay 
(red circle) in comparison with results from denaturing gradient gel electrophoresis (DGGE) 
(black triangles), sequencing of mutant bacterial colonies with LacZα forward mutation selection 
(black circles), or direct sequencing of bacterial colonies without phenotypic selection (black 
squares) (see Supplementary Table S6). For our assay values, the red points are means and the 
red bars indicate the standard error. 
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error rates for Klenow (exo-), Taq, Pol IV and Q5 were on average 7 times higher for substitutions 

and 3 times higher for deletions than the LacZα forward mutation assay values.  

To investigate the cause of this discrepancy with the forward mutation assay, we considered in 

greater detail the case of Pol IV replication over the LacZα (+)-strand. We first modified the buffer 

conditions for Pol IV replication over the LacZα (+)-strand to match that in the corresponding 

forward mutation assay study (see Materials and Methods for buffer composition). This reduced the 

error rates from 1.06 x 10-3 sub/bp and 1.3 x 10-3 del/bp to 4.6 x 10-4 sub/bp and 6.3 x 10-4 del/bp. 

We then removed the errors which are not phenotypically detectable (11), further reducing the error 

rate to 3.2 x 10-4 sub/bp and 4.6 x 10-4 del/bp (Supplementary Methods). This overall 3-fold reduction 

shows that extension conditions and phenotypic detectability have a significant influence on error 

rates and may partially account for the discrepancy. However, since some LacZα forward mutation 

assay results were up to 20 times lower than our measurements, a significant deviation remained.   

Altogether, our results matched with those from DGGE and clonal colony sequencing, which 

both do not rely on phenotypic selection, but were higher than those from the forward mutation assay. 

Deciding the ‘true’ polymerase error rate is complicated because template DNA damage, which 

influences error rates, can be difficult to detect. Nonetheless, our comparison suggests that phenotypic 

detection assays could systematically underestimate error rate by up to an order of magnitude. Our 

technique should, in principle, produce the most accurate values since error-containing products are 

directly sequenced without intermediate steps or PCR quantification bias. 

2.3.3 Variations in error rate and identification of error hotspots  

DNA polymerases are believed to have mutagenic hotspots where they can cause accelerated 

DNA variability. Previous studies have noted regions with orders of magnitude higher error rate than 

average (29), but the low throughput of these studies prevented them from proving the reproducibility 

of these hotspots, which may be the result of sampling noise.   
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To identify true mutagenic hotspots, we mapped the frequency of single-base substitutions for 

Pol IV (39,641 substitutions in 163,949 products) and Klenow (exo-) (4046 substitutions in 122,846 

products) replication over the LacZɑ locus (-) strand for two technical replicates each (Supplementary 

Table S2.4). The error spectra (Figure 2.4A and Supplementary Figure S2.2) illustrate that error rate 

varied substantially from base to base along the template. The variation ranged over two orders of 

magnitude, and the error rates at each base were reproducible between replicates for Pol IV (Pearson 

ρ = 0.97, p << 0.01) and Klenow (exo-) (Pearson ρ = 0.74, p << 0.01) (Figure 2.4B), indicating that 

 

Figure 2.4. Variations in substitution error rate when replicating the LacZα (-) strand 
template. (A) A snapshot of the first 30 bases of the replication product for Pol IV and Klenow 
(exo-) illustrates variations in substitution error rate across the template. The length of the bar 
indicates the error rate. (B) Correlation plots of error rates at each base position between technical 
replicates for Pol IV replicates (21,212 and 18,429 mutations) and Klenow (exo-) (1973 and 2073 
mutations) show that the variations were reproducible and hence not due to sampling noise. R1 
and R2 designate the first and second replicates respectively. An outlier for Klenow (exo-) at 1.66 
x 10-3 (replicate 1) and 2.04 x 10-3 errors/bp (replicate 2) was excluded from analysis. (C) 
Correlation plots of error ranks for Pol IV versus Klenow (exo-) show that error spectra are 
strikingly different depending on the polymerase. (D) Pearson correlation coefficient between the 
original error spectrum and an under-sampled copy as the number of errors per under-sampled 
copy is changed. Average of 100 repeats at each error number. 
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the variation was not due to sampling noise. Pol IV and Klenow (exo-) were strikingly different in 

their error spectra (Spearman ρ = 0.13, p < 0.01) (Figure 2.4C), suggesting that these variations were 

polymerase specific. To demonstrate how sampling noise would make these variations difficult to 

accurately characterize, we randomly under-sampled the error spectra to between 50 and 2000 errors 

and compared it to the original. We repeated this 100 times to obtain the average similarity at each 

error sampling number. The error rates averaged over the entire template remained similar 

(Supplementary Figure S2.3), but the correlation between error rates at each base improved from ρ ~ 

0.30 at 50 errors to ρ ~ 0.95 at 2000 errors (Figure 2.4D).  To produce an error spectrum with at least 

ρ = 0.7 (r2 ~ 0.50) correspondence with the high-density spectrum, at least 300-400 substitutions 

would need to be collected. Since most products contain 0 or 1 errors, low-throughput methods would 

require hundreds of products to be individually sequenced. High-throughput is therefore necessary to 

recover reproducible error spectra. 

Next, to identify error hotspots, we fit the distribution of substitution errors per base position 

to a combination of Poisson distributions using the Computer-assisted Analysis of Mixture 

Distributions (C.A.MAN) package (31) (Figure 2.5A and Supplementary Figure S2.4). The distribution 

of substitution errors per site could only be fit by a mixture of Poisson distributions, which implies 

that the error rate of DNA polymerase replication varied along the template. Hotspots were first 

defined as those positions that deviated significantly from the fitted distribution (p<0.05 with 

Benjamini-Hochberg correction assuming independence). This yielded 1 error hotspot in the Klenow 

(exo-) spectrum at position 260 which was 13 times more error prone than average (Supplementary 

Figure S2.2). Under-sampling made this hotspot difficult to distinguish, as even with 500 errors the 

hotspot was only called in 50% of under-sampling replicates (Figure 2.5B). If the definition of 

‘hotspot’ was relaxed to include all positions that belong to the Poisson distribution with the highest 

mean error parameter, we could identify 2 hotspots at positions 106 and 132 in the Pol IV spectrum 
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that were 5 times more error prone than average, and 2 hotspots at positions 80 and 260 in the Klenow 

(exo-) spectra that were 5 and 13 times more error prone than average (Supplementary Figure S2.2). 

To rule out the possibility that the error spectra of Pol IV and Klenow (exo-) were different because 

their extension buffers were different, we repeated the analysis after using Pol IV buffer for both 

polymerases. As before, there was a poor correlation (Spearman ρ = 0.31, p << 0.01) and no overlap 

in hotspots. In summary, we identified variations in error rate that are both reproducible and 

polymerase specific. 

In comparison, accurate characterization of the error spectrum is challenging with low-

throughput methods. We mapped the single-base substitution spectrum of Pol IV replicating over the 

LacZɑ locus (+) strand (837 substitutions in 6578 products) and compared our results to those mapped 

using the LacZɑ forward mutation assay (66 substitutions) (29) (Supplementary Figure S2.5). Our 

 

Figure 2.5. Identification of substitution error hotspots. (A) Histograms showing the 
distribution of substitution errors per base position for Pol IV and Klenow (exo-) replication 
across the LacZα (-) strand template. The histograms are fit to a combination of Poisson 
distributions (red) using the C.A.MAN package. Hotspots and their positions are indicated. The 
red-lettered hotspot was identified as being exceptional to the fitted distribution (α<0.05, 
Benjamini-Hochberg corrected). The black-lettered hotspots were identified under a more relaxed 
definition, which included all positions that belonged to the Poisson distribution with highest 
mean error parameter. (B) Frequency with which the Klenow (exo-) position 260 hotspot is 
identified when the original spectrum is under-sampled. Average of 100 repeats at each error 
sampling number. 
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extension was performed in the same buffer as that reported in the forward mutation assay. The 

correlation between the error profiles was quite poor even after limiting our spectrum to 

phenotypically detectable errors (Spearman ρ = 0.30, p << 0.01), probably due to the small sample 

size of the forward mutation assay spectrum. Furthermore, whereas 3 error hotspots (under the 

relaxed definition) could be identified at positions 23, 95, and 270 from our data, only 1 error hotspot 

at base position 95 could be identified from the mutation assay data (Supplementary Figure S2.4) 

because the other two hotspots are not phenotypically detectable. This comparison illustrates the 

importance of a high-throughput and non-phenotypic method in hotspot identification.  

2.3.4 Impact of a DNA lesion on fidelity  

DNA lesions compromise the fidelity and replication kinetics of DNA polymerase, but cells 

contain translesion synthesis polymerases that are specially adapted to synthesize across lesions. To 

test if our assay can correctly measure the effects of a lesion on DNA polymerase fidelity, we 

investigated the error rate of lesion bypass by Pol IV, a translesion synthesis polymerase, over an N2-

furfuryl-dG lesion. The N2-furfuryl-dG lesion is a structural analogue of the main lesion formed in 

cells treated with nitrafurazone, and Pol IV has been shown to bypass this lesion effectively (32). We 

compared the error spectrum of Pol IV opposite the N2-furfuryl-dG lesion to that of Pol I, an accurate 

Table 2.1 Error rates for each DNA polymerase when replicating opposite the N2-furfuryl-

dG lesion. 

 Error Rate at N2-furfuryl-dG lesion (errors/bp) 

Type of 

Mutation 

DNA 

Polymerase IV 

Klenow 

(exo-) 

DNA 

Polymerase I 

G*·dTTP 1.13 x 10-2 4.47 x 10-2 1.17 x 10-1 

G*·dATP 1.30 x 10-3 6.17 x 10-3 1.11 x 10-3 

G*·dGTP 8.58 x 10-5 1.42 x 10-1 7.33 x 10-3 

Total 1.27 x 10-3 1.93 x 10-1 1.25 x 10-1 
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3’->5’ exonuclease-proficient replicative polymerase, as well as Klenow (exo-). The lesion-containing 

(‘damaged’) substrate and the lesion-free (control) substrate were made by ligating 20 base 

oligonucleotides into the M13mp7(L2) plasmid (see Materials and Methods). To account for false 

positives due to oligonucleotide synthesis errors, we subtracted the control substrate error spectra 

from the damaged substrate error spectra. 

All three polymerases had increased substitution error rate when synthesizing DNA across the 

lesion As expected, Pol IV had the lowest error rate of 1.27 x 10-2 substitutions/bp (Table 2.1), while 

Pol I and Klenow (exo-) were much more error prone and made errors at rates of 1.25 x 10-1 

substitutions/bp  and 1.93 x 10-1 substitutions/bp respectively. The relatively low error rate of Pol IV 

is consistent with previous kinetic measurements for DNA replication across the N2-furfuryl-dG 

lesion, which showed that Pol IV incorporates the correct base at a greater kinetic rate than Pol I (32). 

The dominant error type was different among the DNA polymerases. The G*·dTTP mismatch (C-

>T transition) was most common for Pol IV at 1.13 x 10-2 occurrences/bp and for Pol I at 1.17 x 10-

1 occurrences/bp. This result matches with previous kinetic measurements for Pol IV, which report 

that thymine was incorporated opposite the lesion at the greatest rate (32) (Supplementary Table S2.7). 

In contrast, the Klenow (exo-) substitution spectrum was dominated by the G*·dGTP mismatch, 

which occurred at a rate of 1.42 x 10-1 errors/bp. We also characterized the fidelity of replication at 

bases adjacent to the lesion site (Supplementary Figure S2.6). Although it appears that replication 

fidelity is reduced in the proximity of the lesion, there are error hotspots in both the lesion and control 

spectra that seem to be caused by inconsistencies in oligonucleotide synthesis or damage from 

template preparation. Overall, the error rate at the lesion can be measured with confidence, but 

characterization of fidelity around the lesion requires additional investigation. 
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2.4 Discussion  

We have taken advantage of barcoded high-throughput sequencing to develop a more 

powerful approach to map DNA polymerase errors. Errors are detected by high-throughput 

sequencing of replication products at the single-molecule level, so there are no restrictions on template 

sequence or error resolution imposed by phenotypic selection, colony picking, or gradient separation. 

The majority of sequencing errors can be removed with only 2 barcoded copies of a product, which 

minimizes the additional sequencing cost of barcoding. Our assay is minimally affected by PCR biases 

because error quantification is based on the number of unique products before amplification. With 

these features, our assay can obtain accurate and reproducible single base-resolution maps of error 

rates for any type of DNA polymerase and template substrate. 

We cross-validated our measurements for average DNA polymerase error rates with published 

values and found that correspondence was technique dependent. Our results matched with those from 

DGGE and clonal colony sequencing, which are both non-phenotypic methods, but were on average 

7 times higher for substitution rates and 3 times higher for deletion rates than measurements made 

using the phenotypic selection and sequencing of mutant LacZα colonies. We found that this 

discrepancy could be partially explained after accounting for phenotypically detectable mutations and 

differences in replication buffer conditions. Despite this, the LacZα forward mutation assay still 

appears to underestimate the error rates relative to non-phenotypic methods. Furthermore, 

measurements made using the mutation assay can vary by an order of magnitude. There is no perfect 

reference for the ‘true’ polymerase error rate because template DNA damage, which influences error 

rates, can be difficult to detect. Nonetheless, our comparison suggests that there could be a source of 

bias and variability in phenotypic detection that is not yet accounted for. Our technique should, in 

principle, produce the most accurate values since error-containing products are directly sequenced 

without intermediate steps or PCR quantification bias. 
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One important application of sequencing-based assays is to quantify variations in DNA 

polymerase error rate across a template and identify mutagenic hotspots. We were able to reproducibly 

characterize substitution error spectra and hotspots by collecting substitution densities of 4000 - 

40,000 over a 281 base pair region. The distribution of substitution errors per site could only be fit by 

a mixture of Poisson distributions, which implies that the error rate of DNA polymerase replication 

varied along the template. There are numerous factors which could cause this heterogeneity to arise: 

template base identity, surrounding DNA sequence, DNA damage, or variations in DNA structure. 

Our technique will facilitate a more detailed dissection of these influences, although in future 

investigations a more rigorous assessment of the fitting algorithm may be needed. We also found that 

the substitution spectra and hotspot locations were very different between Klenow (exo-) and Pol IV, 

emphasizing that error spectra are both polymerase and template specific. We showed that accurate 

characterization of the error spectrum would be challenging with low-throughput methods. To 

produce an error spectrum with at least ρ = 0.7 (r2 ~ 0.50) correspondence with the high-density 

spectrum, at least 300-400 substitutions would need to be collected. Since most products contain 0 or 

1 errors, low-throughput methods would require hundreds of products to be individually sequenced. 

Furthermore, by comparing our substitution spectrum for Pol IV with a published LacZα forward 

mutation assay spectrum, we found that the mutation assay missed the location of two hotspots which 

did not contain phenotypically detectable mutations. This demonstrates that our high-throughput and 

non-phenotypic technique can produce a more accurate and complete characterization of DNA 

polymerase errors than existing methods. 

Sequencing-based assays are also used to investigate the mutagenic effect of DNA lesions by 

quantifying their impact on DNA polymerase fidelity. We confirmed that Pol IV, a translesion 

synthesis polymerase, was best adapted to replicate across the N2-furfuryl-dG DNA lesion in 

comparison to Pol I or Klenow (exo-). Furthermore, we observed that the most common error type 
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varied depending on the polymerase. These results are in correspondence with previous kinetic 

measurements for Pol IV and Pol I replication fidelity in the presence of a lesion. We were also able 

to measure the impact of a lesion on the replication fidelity of surrounding bases, but our spectra were 

likely complicated by errors in oligonucleotide synthesis and DNA damage from template preparation. 

With improved template purification and preparation, this bypass mutagenicity could be accurately 

characterized. Given the large variety of DNA lesions and the polymerase specificity of their mutation 

signatures, our high-throughput assay would facilitate the characterization of their mutagenicity and 

shed light on their roles in disease. 

The fidelity of DNA polymerase replication is a complex phenomenon and has been difficult 

to study despite the many techniques that have been developed to probe this process. Sequencing 

assays provide an important complementary approach to kinetic and structural studies, but current 

methods have significant technical limitations. With our high-throughput in vitro approach, DNA 

polymerase fidelity can be studied with greater ease and accuracy.  

2.5 Materials & Methods 

2.5.1 Primer design 

12 forward primers (F0X, F00 – F10) and 12 reverse primers (R0X, R00 – R10) were used in 

these experiments (Supplementary Table S1). From 5’ to 3’, these primers contained a 33 nucleotide 

partial Illumina adapter sequence, a ‘condition’ barcode sequence (bold) that varies between each 

primer, a 12-15 nucleotide random ‘product’ barcode region, and a priming region for the target 

sequence. A 12bp random nucleotide region represents 4 x 1012 unique combinations, which is much 

greater than the 1 x 104 – 1 x 105 products we collect for each reaction condition. Combinations of 

forward and reverse primers allows for a maximum of 144 reaction conditions or replicates to be 

separated during sequencing (12 x 12 condition barcodes). The condition barcodes were variable in 

length to ensure cluster diversity during sequencing, and designed for near-equal base representation. 
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Primers were also analyzed in silico for primer homodimers and heterodimers (Multiple primer 

analyzer, Thermo Scientific). The sequences of library-preparation primers PE 1.0 and PE 2.0 were 

obtained from Illumina. The 3’ end of PE 1.0 and PE 2.0 are complementary to the 5’ end of the 

forward and reverse primers. Ultramer synthesis was used for all primers (Integrated DNA 

Technologies). 

2.5.2 Templates & proteins 

E. coli DNA Polymerase IV was purified as previously described (33). All other polymerases 

were obtained from New England Biolabs (NEB). 

The plasmids pBeloBAC11 (NEB) and pOPINP (gift from Ray Owens, Addgene plasmid # 

41139) were clonally amplified and isolated from E. coli K12 ER2420 and DH5alpha strains 

respectively. Cells were streaked on Luria Broth (LB) agar plates with 25 μg/mL chloramphenicol or 

50 μg/mL carbenicillin respectively and incubated for 12 hours at 37°C. Single colonies were 

inoculated in liquid LB media with 25 μg/mL chloramphenicol or 50 μg/mL carbenicillin at 37°C in 

a shaking incubator. OD 600 measurements were taken to determine the start of stationary phase, 

upon which the ZR Plasmid Miniprep kit (Zymo Research) was used to isolate the plasmid. Purified 

plasmids were quantified using a Nanodrop 2000 UV-Vis spectrophotometer (Thermo Scientific).   

Single-stranded DNA with a site-specific DNA lesion was constructed using M13mp7(L2), a 

mutant phage that contains an EcoRI site within a stable hairpin in its genome, as previously described 

(16). Briefly, a 20-mer oligonucleotide (Chemgenes: 5′-CTA CCT XTG GAC GGC TGC GA-3′) 

containing a fluoro substituent at the N2 position of guanine (X) was treated by furfurylamine and 

purified by HPLC and MALDI-TOF MS. The oligonucleotide was verified to 99.9% purity by mass 

spectromoetry. The M13mp7(L2) phage genome was purified and the lesion-containing 

oligonucleotide ligated into the digested EcoRI site using annealed scaffold oligonucleotides. Scaffold 

oligonucleotides, unligated linear M13 DNA and excess insert were removed by treatment at 37°C for 



29 

4 h with 18 U T4 DNA polymerase and 80 U exonuclease I (New England Biolabs). A control 20-

mer oligonucleotide (IDT: 5′-CTA CCT GTG GAC GGC TGC GA-3, 99.9% purity by mass 

spectrometry) was ligated into the M13mp7(L2) plasmid in a similar manner to create the control 

substrate. 

2.5.3 Generation of replication product 

For each reaction involving double-stranded template DNA, 1-10 ng of template was digested 

using 1U of either BsmI (pBeloBac11), BseRI and BspHI (pOPINP) or PvuII-HF (m13mp7L2) (New 

England Biolabs) with incubation for 10 minutes at 37°C. This left a shorter double-stranded region 

containing the target locus. The resulting DNA was purified using the AMPure XP bead system 

(Beckman Coulter). 

The first extension step was conducted under variable buffer and temperature conditions 

depending on the polymerase of interest and DNA template. For 3’->5’ exonuclease deficient Klenow 

Fragment (New England Biolabs) and Taq (New England Biolabs), 1X Taq Reaction Buffer (New 

England Biolabs) was supplemented up to 3 mM Mg2+ with MgCl2. For E. coli DNA Polymerase IV 

and DNA Polymerase I (New England Biolabs), the buffer consisted of 50 mM pH 7.9 HEPES-

NaOH, 12 mM Mg(OAc)2, 80 mM KCl, 0.1 mg/ml BSA and 5 mM DTT. An alternative buffer 

formulation for DNA Polymerase IV consisted of 20 mM pH 7.5 Tris, 8 mM MgCl2, 5 mM DTT, 0.1 

mM EDTA, 25 mM sodium glutamate, 40 μg/ml BSA, and 4% glycerol. For Q5 DNA Polymerase 

(New England Biolabs), extension was conducted with 1X Q5 Buffer at 72°C. Each reaction mixture 

contained 0.025 μM of forward primer (Integrated DNA Technologies) and 200 uM dNTP. For 

polymerases from New England Biolabs, 1 unit was used for extension. For E. coli DNA polymerase 

IV, a 5:1 ratio of polymerase to primer-template junction was used. For the extension reaction, a 10 

μl solution consisting of the reaction buffer, forward primer and template sequence was prepared. For 

double-stranded template DNA, the template was denatured at 95°C for 30 seconds, the primers 
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annealed for 2 minutes at 52°C, then the mixture ramped to extension temperature. For Klenow 

Fragment (exo-), Taq, DNA Pol IV and DNA Pol I, the extension temperature was 37°C. For Q5, 

the extension temperature was 72°C. For single-stranded DNA, the mixture was held at 65°C for 3 

minutes then ramped to the extension temperature at -0.1°C/s. Once extension temperature was 

reached, a 10 μl solution containing buffer, dNTPs and the polymerase was then added to the previous 

reaction mixture. The extension reactions were quenched with 5 ul of 50 mM EDTA and then purified 

using AMPure XP beads. We used quantitative polymerase chain reaction (qPCR) to determine the 

extension time required for saturation, which was 5 - 20 minutes depending on the polymerase and 

template used. 

The synthesis of the complementary strand was conducted with the purified extension product 

as template, 0.025 μM reverse primer, 1U Q5 High Fidelity DNA polymerase, 200 μM of each dNTP, 

and 1X Q5 buffer. The product was denatured at 98°C for 30 seconds, the reverse primer annealed at 

52°C for 2 minutes, and extension performed at 72°C for 5 minutes. Extensions were quenched with 

5 μl of 50 mM EDTA and then purified using AMPure XP beads.  

The concentration of the complementary strand was quantified using qPCR with primers 

complementary to the partial Illumina adapters (Forward: 5'- TAC ACG ACG CTC TTC CGA TCT 

-3', Reverse: 5'- CAT TCC TGC TGA ACC GCT CT -3'). Standards were generated by serial dilution 

of 10mM PhiX v3 Control Template (Illumina) to concentrations of 1 x 108, 1 x 107, 1 x 106, 1 x 105 

and 1 x 104 copies/μl. qPCR reactions were performed using the DyNAmo SYBR Green qPCR kit 

(Thermo-scientific) on the 7500 Real-Time PCR system (Applied Biosystems).  

All experiments were conducted with at least two replicates. Replicates were performed in 

parallel with aliquots taken from the same starting template pool. 
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2.5.4 Library preparation and sequencing 

The qPCR quantified products were amplified using primers PE 1.0 and PE 2.0 (Illumina, 

Integrated DNA Technologies). The volume of product and the number of cycles used for 

amplification depended on the number of unique products and the desired depth of sequencing 

coverage. As an example, we amplified 20,000 unique products in a 20 μl reaction mix using two 

consecutive rounds of 13 cycles with denaturation at 98°C for 8 seconds, annealing at 72°C for 20 

seconds, and extension at 72°C for 20 seconds. The PCR products were purified after each round 

using the AMPure XP Bead system. Two separate rounds were used because a single round of 26 

cycles produced PCR side-products. After amplification, the library was quantified using a Qubit 2.0 

Fluorometer (Life Technologies) and sized using the 2200 Tapestation (Agilent). Sequencing was 

performed on the MiSeq Desktop Sequencer using the MiSeq V2 300 cycle kit (Illumina). Base calling 

was conducted under the standard Illumina pipeline. 

2.5.5 Criteria for Quantifying DNA Polymerase Error Rate 

The paired-end FASTQ sequencing reads were separated into groups that shared the same 

condition barcodes. Any reads which had a base with quality score (Q) < 20 was removed. The first 5 

bases of the read in the target region were compared to the reference sequence. If these did not match, 

the read was removed since this mismatch could have been the result of primer truncations or 

improper annealing. The filtered forward and reverse reads were then aligned to the corresponding 

section of the reference sequence using the Multiple Sequence Alignment by Log-Expectation 

(MUSCLE) algorithm (34). These two aligned sequences were then compared to call errors. The total 

length of forward and reverse reads was greater than the target region so that insertion errors (which 

add bases into the sequence) are also covered. Errors that occurred in adjacent base positions were 

grouped together as ‘multi-base’ errors. After errors were called, reads with the same product barcode 

were grouped together since these were copies of the same original product. Errors were accepted as 
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polymerase errors only if the product had 3 or more copies and the error was present in all of them. 

When calculating the average error rate over a template, the error rate of Q5 (used for complementary 

strand synthesis) for that sequence was subtracted from the overall substitution rate. Base-resolution 

error spectra are presented without subtraction. Our error spectra represent errors made by DNA 

polymerase during replication of the template. This is different from the convention used in reports 

that utilize the LacZα mutation assay (11), where the spectra represent errors made in the transcript 

that is synthesized from the replicated locus. 

Sequencing analysis software for the identification of mutations was written in Python and run 

on the Harvard Odyssey Computing Cluster. Data analysis and figure construction were carried out 

using numpy, pandas and matplotlib.  

2.5.6 Accession codes and code availability 

Sequencing data are available from the Sequencing Read Archive (SRA) with accession 

number SRX1559518. Python scripts for splitting of condition barcodes and filtering of sequencing 

errors are available in the supplementary. 
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Chapter 3: Revealing gene co-regulatory 

networks with high-precision single-cell RNA-seq 

The work in this chapter is currently being prepared as a manuscript. 

3.1 Abstract 

Correlations in gene expression are used to infer functional and regulatory relationships 

between genes. However, correlations are often computed across different cell types or conditions, 

causing genes with unrelated functions to cluster into correlated modules. Here, we generate more 

specific and functionally enriched modules by clustering genes according to correlations in steady-

state expression fluctuations. We developed a novel single-cell RNA-seq method called MALBAC-

DT to measure these correlations in homogenous cell populations and found numerous 

intercorrelated gene clusters with cell-type specific functional enrichments. Literature analysis and 

RNAi knockdown of the TP53 transcription factor confirmed that a 50-gene module enriched for p53 

signaling consisted almost entirely of direct TP53 targets. This approach provides a powerful way to 

advance our functional understanding of the genome. 

3.2 Introduction 

3.2.1 Limitations of existing co-expression analysis for co-regulation inference 

Single-cell RNA-seq (scRNA-seq) has greatly expanded our knowledge of gene expression in 

organisms. Despite this progress, the function of many genes is still not understood. To guide 

functional hypotheses, correlations and other statistical associations in gene expression are commonly 

used to cluster genes into functional modules (1-4). However, the fraction of genes with shared 

function in these modules is typically low (5), possibly because of co-differential regulation of 

unrelated pathways across cell types or conditions. A similar issue affects perturbation screens (6), 
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where gene expression changes arise due to direct and indirect effects (7). This currently limits the 

usefulness of correlation analysis for understanding gene functional associations. Here, we present a 

novel approach to obtain gene clusters with far greater resolution and completeness than previously 

possible by using correlations in steady-state mRNA fluctuations. 

3.2.2 Inferring co-regulation from correlations in steady-state mRNA fluctuations 

Even within a homogenous cell population, the copy number and activity of proteins and 

RNA will fluctuate due to stochasticity (8). Fluctuations in the activity or copy number of regulatory 

molecules such as transcription factors will cause downstream fluctuations in their target genes if the 

regulatory link is active (9). We show here that these target fluctuations are correlated and that the 

correlations can be used to determine clusters of co-regulated genes.  

To quantify these correlations, consider a simplified model of gene regulation (Figure 3.1). 

The copy number of an active protein 𝑃𝑃 fluctuates due to stochasticity in transcription and translation, 

with a coefficient of variation given by (10): 

𝐶𝐶𝑉𝑉𝑃𝑃2 =
1
𝜇𝜇𝑃𝑃

+
1
𝜇𝜇𝑇𝑇𝑃𝑃

𝑑𝑑1
𝑑𝑑𝑜𝑜 + 𝑑𝑑1

 

 

Figure 3.1. Simplified kinetic scheme for expression of a regulator protein and its 
downstream target transcripts. The expression of a protein 𝑃𝑃 follows a simple transcription and 
translation scheme with the protein transcript 𝑇𝑇𝑃𝑃 as an intermediate. The protein activates the 
transcription of mRNAs 𝑇𝑇1 and 𝑇𝑇2. Each of these molecules decay at the given rates. 
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This protein is responsible for driving the transcription of mRNAs 𝑇𝑇1  and 𝑇𝑇2  with rate 

constant 𝑣𝑣2. These transcripts decay at rate 𝑑𝑑2. The covariance of 𝑇𝑇1  and 𝑇𝑇2 is given by, 

 

〈𝛿𝛿𝑇𝑇1𝛿𝛿𝑇𝑇2〉 = �〈𝛿𝛿𝑇𝑇1𝛿𝛿𝑇𝑇2|𝑃𝑃〉
𝑃𝑃

𝑝𝑝(𝑃𝑃) = �〈𝛿𝛿𝑇𝑇1|𝑃𝑃〉〈𝛿𝛿𝑇𝑇2|𝑃𝑃〉
𝑃𝑃

𝑝𝑝(𝑃𝑃) 

where the expression level of transcripts 𝑇𝑇1 and 𝑇𝑇2 are independent of each other for a given level of 

𝑃𝑃. Typically, the half-life of proteins is on the order of tens of hours (11) while for mRNA it is hours 

(12). At the limit of long protein half-life, the mRNAs will fluctuate as a Poisson distribution with a 

fixed protein copy number. The expected transcript number is given by 〈𝑇𝑇〉 = 𝜆𝜆〈𝑃𝑃〉 where 𝜆𝜆 = 𝑣𝑣2
𝑑𝑑2

. 

Therefore,  

〈𝛿𝛿𝑇𝑇|𝑃𝑃〉 = 〈𝑇𝑇 − 𝜆𝜆〈𝑃𝑃〉|𝑃𝑃〉 

= 〈𝑇𝑇|𝑃𝑃〉 − 𝜆𝜆〈𝑃𝑃〉 

= 𝜆𝜆𝑃𝑃 − 𝜆𝜆〈𝑃𝑃〉 

= 𝜆𝜆𝛿𝛿𝑃𝑃 

⇒�〈𝛿𝛿𝑇𝑇1|𝑃𝑃〉〈𝛿𝛿𝑇𝑇2|𝑃𝑃〉
𝑃𝑃

𝑝𝑝(𝑃𝑃) = �𝜆𝜆2(𝛿𝛿𝑃𝑃)2𝑝𝑝(𝑃𝑃) = 𝜆𝜆2𝜎𝜎𝑃𝑃2
𝑃𝑃

 

where 𝜎𝜎𝑃𝑃2 is the variance of P. The correlation coefficient is given by, 

𝜌𝜌𝑇𝑇1𝑇𝑇2 =
〈𝛿𝛿𝑇𝑇1𝛿𝛿𝑇𝑇2〉
𝜎𝜎𝑇𝑇1𝜎𝜎𝑇𝑇2

=
𝜇𝜇𝑇𝑇𝐶𝐶𝑉𝑉𝑃𝑃2

1 + 𝜇𝜇𝑇𝑇𝐶𝐶𝑉𝑉𝑃𝑃2
 



39 

where 𝐶𝐶𝑉𝑉𝑃𝑃  is the coefficient of variation for the protein. This equation shows that correlation 

coefficient will be greater for higher values of 𝜇𝜇𝑇𝑇  and 𝐶𝐶𝑉𝑉𝑃𝑃 . Most protein coding transcripts are 

expressed at levels between 1 and 50 copies per cell (13), while the copy number of proteins is about 

1000 times higher (12). If we assume an mRNA half-life of 1 hour and a protein half life of 10 hours, 

then the degradation rates are 1.0 and 0.1 per hour respectively. With 10 copies of the mRNA per cell, 

this translates to a correlation coefficient of about 0.5. Higher mRNA copy numbers would increase 

this correlation coefficient, as would a higher coefficient of variation for the protein. Quantification 

of these correlations at the transcriptome-wide scale with scRNA-seq would thus allow genes to be 

clustered into co-regulated groups (Figure 3.2). These steady-state correlations can be measured in a 

phenotypically homogenous population of single cells, which serves as an approximation of a steady-

state regulation network if cell cycle effects are controlled. 

 
Figure 3.2. Correlated steady-state fluctuations reveal co-regulatory relationships. Genes 
which have the same upstream regulator (such a common transcription factor) will fluctuate 
together in response to changes in regulatory activity. These fluctuations appear as correlated 
expression levels in a phenotypically homogenous population of cells at steady state. These 
pairwise correlation coefficients can be represented in a correlation matrix. Clustering genes with 
high correlation will result in correlated transcriptional modules (CTMs) that group together inter-
correlated gene sets.  
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3.2.3 Technical challenges in measuring correlations using single-cell RNA-seq 

Measurement of mRNA expression correlations at the single-cell level is technically 

challenging. Simulation results show that a gene pair needs to be co-expressed in at least several 

hundred cells for the correlations to be reproducible (Figure 3.3A). Furthermore, the mean observed 

correlation decreases with lower transcript detection efficiency (the probability a transcript in the 

sample will be observed) due to Poisson sampling noise (Figure 3.3B). At low transcript detection 

efficiencies, even highly correlated genes will appear to have a low correlation coefficient, making 

them difficult to distinguish from noise. This is especially problematic for correlated fluctuations, 

where we expect the correlation coefficient to be relatively small. Finally, high accuracy is needed to 

prevent technical noise from attenuating correlation coefficients. This combination of high cell 

throughput, high transcript detection efficiency, and high quantification accuracy is not met by existing 

scRNA-seq methods. High-throughput methods suffer from low transcript detection efficiencies of 

10-20% (14), which would strongly attenuate correlations.  

 
Figure 3.3. Effect of sample size on distribution of measured correlations. The variability in 
the measured correlation coefficient decreases as the gene pair is detected in more cells. 
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3.2.4 Development of Multiple Annealing and Looping Based Amplification Cycles 

for Digital Transcriptomics (MALBAC-DT) for high-precision single-cell RNA-seq 

To meet these unique technical demands, we designed an improved method of single-cell 

mRNA amplification called Multiple Annealing and Looping Based Amplification Cycles for Digital 

Transcriptomics (MALBAC-DT) (Figure 3.5). This is a high-throughput method that incorporates cell 

barcoding to allow single cells to be pooled into a single reaction for library preparation (15,16). Our 

method improves transcript detection efficiency by directly annealing MALBAC random primers 

along the cDNA strand, minimizing the number of enzymatic steps for second strand synthesis and 

increasing yield. Multiple cycles of annealing linearly amplifies a pool of second strands prior to PCR 

amplification to reduce amplification and transcript dropout. To improve accuracy, we increased the 

length of the unique molecular identifier (UMI) to 20 base pairs, which allows our error correction 

algorithm to reliably correct artifactual UMIs that arise due to sequencing or amplification errors. 

These features are explained in greater detail below. 

 
Figure 3.4. Effect of transcript detection efficiency on measured correlation. The curves 
depict changes in the measured correlation with changes in detection efficiency. A low detection 
efficiency strongly attenuates correlations, making them difficult to distinguish from noise. 
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3.2.4.1 Improvement of transcript detection efficiency 

To improve transcript detection efficiency, we sought to address two major sources of 

transcript dropout: incomplete cDNA extension and incomplete second strand synthesis. Incomplete 

cDNA extension occurs when the reverse transcriptase is unable to process along the full length of 

 
Figure 3.5. Workflow for MALBAC-DT. The reverse transcription primer contains a cell-
specific barcode (Barcode 1) and a semi-random 20-mer as a unique molecular identifier (UMI) to 
uniquely label each transcript. After reverse transcription, excess primers and RNA are degraded. 
For second strand synthesis, MALBAC random primers are annealed along the cDNA. Extension 
with a strand-displacement DNA polymerase allows multiple second strands to be synthesized. 
These second strands can self-anneal into loops due to their complementary ends. This random 
priming, extension, and looping is repeated for 10 cycles, after which the loops are denatured and 
amplified by PCR. For the final 5 cycles of PCR, another primer containing a second cell-specific 
barcode (Barcode 2) and a partial i7 sequencing adapter is added to form the final product.   
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RNA, generating a partial cDNA strand. To determine extension efficiency, we used a digital droplet 

PCR (ddPCR) assay to measure the efficiency of cDNA initiation and extension (Figure 3.6). In this 

assay, cDNA from reverse transcription was loaded onto a digital droplet PCR system, where 

individual extension products underwent PCR. Each droplet contained two fluorescent 

oligonucleotide probes that hybridize to either the 5’ (blue) or 3’ (green) end of the cDNA. A 

combined signal signifies a product that was successfully initiated and extended, whereas an isolated 

blue signal signifies a product which was initiated but not fully extended. By optimizing the extension 

conditions, we improved the extension efficiency from 30% to 85%. At this point, there are various 

strategies to amplify the cDNA, including in vitro transcription (17) and template switching (18) or 

poly-A tailing (19) to attach a second PCR sequence. The most sensitive method, Smart-seq2, uses a 

template switching chemistry which we found to have an overall efficiency of about 15%, as measured 

 
Figure 3.6. Digital droplet PCR measurement of extension and initiation efficiency. 
Reverse transcription was performed under various conditions to generate cDNA. This cDNA 
was loaded onto a digital PCR platform containing two fluorescent oligonucleotide probes, one 
targeting the 3’ end of the transcript (blue) and one targeting the 5’ end (green). Signal in only 
channel 1 indicated initiation but not full extension, whereas signal in both channels indicated 
complete extension.  
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using ddPCR with a probe for the template switching oligo. To improve upon the cDNA amplification 

efficiency, we used MALBAC random primers which directly prime at multiple points along the 

cDNA, minimizing the number of enzymatic steps needed for second strand synthesis and creating a 

larger pool of double-stranded cDNA for PCR amplification.  

Another independent source of transcript dropout is amplification bias. PCR-based 

amplification varies in efficiency depending on the sequence of the template, even when the same 

primers are used (20). MALBAC-DT uses a linear amplification scheme first introduced in MALBAC 

genome amplification to reduce this amplification bias (21). In this scheme, the second strand contains 

complementary GAT5 sequences on the 5’ and 3’ ends (Figure 3.5). These sequences can form self-

annealing loops to prevent further amplification. Repetition of these looping cycles will linearly 

amplify the template to generate a pool of looped products. A change in thermocycling conditions 

will allow these loops to open and be primed for PCR. At this point, amplification bias in the final 

product will be reduced due to the larger initial pool of template. 

3.2.4.2 Improvement of quantification accuracy 

Accurate counting of transcripts in a single cell is complicated by the need to amplify the 

transcript before sequencing. During amplification, the proportion of transcripts is distorted because 

transcripts with shorter length or more favorable base composition are preferentially amplified. This 

amplification bias can be corrected for by using a universal molecular identifier (UMI) (22,23). The 

UMI is a portion of the primer containing a randomly synthesized stretch of nucleotides. If this stretch 

of nucleotides is long enough, then the number of distinct random sequences is much larger than the 

number of transcripts per gene. This means that each transcript will be uniquely identifiable based on 

the sequence of its attached UMI. After amplification, reads containing the same UMI will have 

originated from the same transcript, allowing quantification to be based on pre-amplification counts 

rather than the biased post-amplification counts (Figure 3.7). However, a major issue when using 
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UMIs is overcounting due to false UMIs generated by errors during amplification or sequencing. 

Another issue is that, if the number possible random sequences is too small relative to the number of 

transcripts for a gene, then UMIs may collide, causing undercounting.  

We sought to design a UMI that is resistant to both overcounting and sequence collisions. 

Overcounting due to UMI errors can be mitigated by clustering together similar UMIs (Figure 3.8), 

which are likely to be derived from the same original UMI. To facilitate this, the UMI needs to be long 

enough such that these clusters are well separated in sequence space. This length would also prevent 

sequence collisions. The minimum UMI length depends on the expected number of transcripts for 

each gene and the sequencing error rate. First, assuming there are at most ~1000 copies of any 

transcript in a single cell, a UMI of length 20 would mean that these 1000 transcripts are almost 

certainly tagged with UMIs at least 3 nucleotides apart (Figure 3.9, red curves). Second, to estimate 

the sequencing error rate, we performed MALBAC-DT using a primer containing a UMI synthesized 

with the semi-random sequence HBDVHBDVHBDVHBDV (H = A, C or T, B = C, G or T, D = 

A, G or T, V = A, C or G). Any nucleotide falling outside of this pattern in the sequencing data must 

 
Figure 3.7. Use of universal molecular identifiers (UMIs) to improve quantification 
accuracy (23). Consider cDNAs generated from two different genes (3 copies of cDNA from 
gene 1 and 2 from gene 2). Each of these cDNAs is tagged with a unique UMI which was 
incorporated into the poly-T reverse transcription primer. After amplification, the ratio of these 
cDNAs becomes skewed due to amplification bias. However, the original ratio of cDNAs can be 
recovered by counting the number of unique UMIs.  
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have originated due to amplification error, sequencing error, or nucleotide synthesis error 

(Supplementary Figure S3.1). Using this design, we estimated the error rate in the UMI to be 2%. Since 

the rate of substitution errors in oligonucleotide synthesis is on the order of 0.1% (24), these errors 

must have arisen from amplification and sequencing. With a UMI error rate of 2%, the probability of 

more than 3 errors in a UMI of length 20 is less than 0.1% (Figure 3.9, blue curve). Therefore, a UMI 

of length 20 should prevent any UMI clusters from overlapping, allowing us to assign true UMI 

counts. 

A final consideration in quantification accuracy is the mis-priming of reverse transcription 

primers during cDNA amplification. Reverse transcription primers which are not removed after 

reverse transcription can prime onto the poly-T region of the cDNA and cause the same original 

transcript to be tagged with multiple UMIs. To avoid this overcounting artifact, we performed 

exonuclease digestion of primers after reverse transcription. We measured the efficiency of this 

digestion by spiking in a separate reverse transcription primer with the alternative UMI pattern 

VDBHVDBHVDBHVDBHVDBH together with the exonuclease. Any sequencing reads with this 

 

Figure 3.8. UMI clustering to remove sequencing and amplification artifacts. Each point 
represents a UMI sequenced in an earlier study (22). Larger points represent a larger number of 
reads containing that UMI. UMIs appearing many times are surrounded by highly similar UMIs 
with much lower counts, which are likely derived from the original UMI due to sequencing or 
amplification errors. Clustering these together will increase the accuracy of quantification. 
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alternative pattern must have originated from priming of undigested reverse transcription primer, 

allowing us to calculate the digestion efficiency. Based on this design, we calculated the digestion 

efficiency to be 95% (Supplementary Figure S3.2), meaning that the majority of our UMIs are not 

from mis-priming artifacts.  

3.3 Results 

3.3.1 Technical performance of MALBAC-DT 

We assessed the technical performance of MALBAC-DT on control samples generated from 

400 U-2 OS cells lysed together and split into single-cell aliquots. In each control sample, we detected 

a median of about 50,000 transcripts for 15,000 genes at a depth of about 1 million reads after 

 
Figure 3.9. Optimizing the UMI length. All curves assume a UMI of length 20. The red curves 
show, for a given number of transcripts, the cumulative probability that all UMIs will be at least a 
given separation apart. When a gene has 103 transcripts (usually the maximum number in a single 
cell), effectively all transcripts will be tagged with UMIs that differ by more than 3 bases. The blue 
curve shows the cumulative probability of 𝑛𝑛 misread bases in the UMI, assuming an error rate of 
0.2%. There is a vanishingly small probability that more than 3 errors will be in the base. Therefore, 
a UMI of length 20 will allow UMI count correction by clustering without cluster overlap. 
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correcting for UMI artifacts through clustering. We amplified the same sample with Smart-seq2, one 

of the most sensitive scRNA-seq protocols available (25), which only detected 10,000 genes. To obtain 

a number for the transcript detection efficiency, we used digital PCR to determine that there were 

1000 actin transcripts present in the control sample. In comparison, we counted 400 actin transcripts 

in the control sample, giving an approximate detection efficiency of 40%. When we did not cluster 

the UMIs, UMI counts rose several fold due to overcounting in a non-uniform manner. This shows 

that the design of MALBAC-DT allows for high transcript detection efficiency and quantification 

accuracy.  

 

Figure 3.10. Intercorrelated gene clusters for U-2 OS cell line. (A) Correlation matrix for 
~12,000 genes that were detected in >10% of cells in the 750 U-2 OS cells. Genes were clustered 
using hierarchical clustering to form modules of highly correlated and/or anti-correlated genes. 
The correlation matrix is symmetric about the diagonal. Inset shows a zoom-in to illustrate that 
many clusters are too small to be seen in the main figure. Some of the clusters enriched for GO 
functional annotations are labeled. GO annotations for clusters enriched in p53 (B) and protein 
synthesis (C) are shown. 
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3.3.2 Functionally enriched correlated transcriptional modules 

We took advantage of MALBAC-DT to quantify gene fluctuation correlations in two cell lines: 

U-2 OS bone osteocarcoma cells and HEK293T embryonic kidney cells. We amplified 738 U-2 OS 

single cells and 721 HEK293T single cells and sequenced them with a read depth of about 1 million 

reads per cell. We filtered out cells with less than 10,000 transcript counts or with unusually high 

ERCC or mitochondrial fraction. There was a median of 50,000 total transcripts detected per single-

cell over an average of about 10,00 genes per single cell. Our subsequent analysis was limited to genes 

that were detected in at least 10% of cells, which amounted to about 12,000 genes per cell line.   

We computed the correlation coefficient for each pair of genes within the U-2 OS dataset and 

used this to perform hierarchical gene clustering. This revealed numerous distinct, highly 

intercorrelated clusters of genes (Figure 3.10A), which we refer to as correlated transcriptional 

 

Figure 3.11. Dimensionally reduction using t-Stochastic Neighbor Embedding (t-SNE) 
for genes (left) and cells (right). For gene t-SNE (left), each point is a gene and the distance 
metric is the pairwise correlation coefficient. Clusters of points indicate highly intercorrelated 
genes, which correspond to the correlated transcriptional modules (CTMs) in figure 3.9. For cell 
t-SNE (right), each point is a cell. The lack of cell clustering shows that the gene clustering did not 
arise due to the presence of transcriptionally distinct cell subpopulations 
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modules (CTMs). Many of these CTMs showed strong enrichment for biological functions when 

analyzed using the Enrichr and KEGG databases (26,27). The strongest correlations were for genes 

 

Figure 3.12. Cell cycle effect correction. (A) Normalization of cell cycle-dependent expression 
changes. Cell cycle stage can be inferred by the fluctuating expression of cell cycle indicator genes 
such as AURKA, allowing a cell to be placed on a pseudotime axis. Fitting this fluctuation to a 
sine curve (green) allows normalization. (B) Appearance of modules before (upper half diagonal) 
and after (lower half diagonal) cell cycle correction. Non-cell cycle related modules such as the 
TP53 module remain, while the S Phase and M Phase cell cycle modules are no longer 
anticorrelated.  
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related to mitochondrial and cell cycle processes. In addition to this, there were numerous other 

functionally enriched CTMs, including those for protein synthesis, cholesterol synthesis, p53 signaling, 

and bone growth (Figure 3.10A-C). These clusters were also apparent upon dimensionality reduction 

of the genes using t-Stochastic Neighbor Embedding (t-SNE) with correlation as the similarity 

measure (Figure 3.11, left).  

We performed controls to rule out various sources of correlations. t-SNE visualization of the 

cells based on their whole transcriptome expression did not reveal any cell clusters, indicating that the 

CTMs did not arise due to the presence of distinct cell type sub-populations (Figure 3.11, right). We 

also re-clustered after controlling for cell cycle effects and found that, while cell-cycle dependent 

CTMs disappeared, other CTMs were independent of cell cycle effects on global gene expression 

(Figure 3.12). To ensure these CTMs did not arise from spurious correlations, we permuted the 

expression levels of genes within each single-cell and found that the clusters disappeared, indicating 

that they did not arise by chance. Finally, we amplified 400 single-cell level homogenized controls 

using MALBAC-DT and found that correlated transcriptional modules were largely not present in this 

dataset (Supplementary Figure S3.3), suggesting that these clusters were not due to technical artifacts.   

3.3.3 Co-activation of genes in the p53 signaling CTM by the TP53 transcription 

factor 

To test if these CTMs contained co-regulated genes, we used RNAi to knock down TP53 

expression in the U-2 OS cell line by transient transfection of a TP53 shRNA expressing plasmid and 

a scramble control plasmid in a parallel culture as a control. We collected and amplified 234 and 200 

cells from the knockdown and control conditions respectively after 48 hours of transfection. We 

found found robust knockdown with 477 genes were downregulated and 452 genes upregulated 

(Student’s t test, p<0.001) (Figure 3.13A). Since TP53 is a transcriptional activator (28), much of this 

differential expression is likely due to indirect effects. However, when we examined the CTM highly 
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enriched for p53 signaling, 50/53 genes had lower expression level relative to the control (Figure 

3.13B). 40/53 genes in the module also overlapped with a consensus list of 116 high probability TP53 

targets from a recent meta-analysis (29). By comparison, a recent experiment using ChIP-seq and 

differential expression analysis identified 827 putative targets, 757 of which do not overlap the high 

confidence meta-analysis and are likely false positives. We also re-clustered the 929 differentially 

expressed genes and found that they grouped into functionally enriched CTMs with unidirectional 

 

Figure 3.13. TP53 knockdown with shRNA in U-2 OS. (A) Knockdown of the TP53 transcript 
and number of differentially expressed genes after knockdown (t test, p<0.001). CHEA 
enrichments for differentially expressed genes are shown. (B) The p53 signaling CTM is shown in 
the lower right together with two highly correlated CTMs. 50/53 genes in the p53 CTM are 
lowered in expression relative to the control, consistent with TP53 as an activator. High-
confidence TP53 targets from a literature meta-analysis are labeled on the left. 40/53 genes in the 
p53 CTM overlap with the high confidence list. (C) Re-clustering of differentially expressed genes 
using correlation coefficients from the original (non-knockdown) U-2 OS dataset. CTMs are 
outlined in black. Such re-clustering could be used to understand the pathways that are affected 
upon knockdown. 
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differential expression (Figure 3.13C and Table 3.1). This suggests that our approach can identify 

regulatory targets with high confidence and that CTMs can be used to refine our understanding of the 

pathways both directly and indirectly affected by perturbation.  

3.3.4 Cell-type specificity of CTMs  

We compared CTMs between the U-2 OS and HEK293T cell lines and found both cell-type 

specific and shared CTMs (Figure 3.14A). Shared CTMs were enriched for universal functions such 

as protein synthesis and cell cycle progression. The U-2 OS bone osteosarcoma cell line contained 

CTMs for bone extracellular matrix and antioxidation which were absent in HEK293T, an embryonic 

kidney cell line. The p53 signaling module was also absent in the HEK293T cell line, likely due to its 

expression of the SV40 T antigen which suppresses p53 activity (30). Differential correlation did not 

require different expression (Figure 3.14B). In some cases, CTMs were only observed in one cell type 

even though the component genes are not consistently differentially expressed, as is the case for the 

CTM related to p53 signaling. This could reflect gene participation in multiple pathways, where many 

Table 3.1. Expression level changes in CTMs of differentially expressed genes.  

CTM 
no. Total genes 

Higher 
expression 

Lower 
expression % higher % lower 

1 50 49 1 98% 2% 
2 29 25 4 86% 14% 
3 12 0 12 0% 100% 
4 21 7 14 33% 67% 
5 66 12 54 18% 82% 
6 81 5 76 6% 94% 
7 56 2 54 4% 96% 
8 18 8 10 44% 56% 
9 14 10 4 71% 29% 

10 40 36 4 90% 10% 
11 49 24 25 49% 51% 
12 19 17 2 89% 11% 

 
CTMs are as labeled in Figure 3.12C, numbered from upper left to lower right. These re-clustered 
CTMs were often consistently downregulated or upregulated, suggesting that they also represent 
co-regulated clusters. 
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of the p53 genes are expressed in HEK293T but regulated outside of the p53 pathway. Overall, the 

cell-type specificity of CTMs reveals differential activity of regulatory pathways in different cell types. 

3.4 Discussion 

Gene expression is tightly regulated to ensure the co-expression of functionally related genes. 

This principle has been exploited in analyses of co-expression across cell types and conditions to 

cluster genes into functionally related modules. Such an approach could potentially accelerate 

functional discovery by revealing functional and regulatory relationships. However, these modules 

often have poor functional enrichment, with one likely reason being that the transcriptional changes 

across cell types or conditions involve multiple unrelated pathways. In this chapter, we proposed that 

 

Figure 3.14. Shared and cell-type specific CTMs across U-2 OS and HEK293T. (A) 
Comparison of the CTMs for U-2 OS (upper diagonal) and HEK293T (lower diagonal) cell lines. 
Genes are ordered according to clustering of U-2 OS cell line. CTMs enriched in genes for 
universal functions such as protein synthesis and cell cycle are preserved. However, cell-type 
specific modules are not conserved. (B). Comparison of expression level of genes in p53 module 
between U-2 OS and HEK293T. Gene expression level is similar despite the p53 module not 
being present in the HEK293T cell line, showing that differential correlation does not imply 
differential expression. 
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clustering genes by correlations in their steady-state fluctuations can reveal co-regulated modules with 

much greater functional and regulatory enrichment, unlocking the potential of this approach.  

Since existing scRNA-seq methods lack the combination of accuracy, transcription detection 

efficiency (sensitivity), and throughput necessary to quantify such correlations, we first designed a 

novel scRNA-seq method called MALBAC-DT to meet these demands. Comparison of MALBAC-

DT with Smart-seq2, which had the most sensitive chemistry as determined by a recent comparative 

study, showed that MALBAC-DT consistently detected more genes (15,000 vs. 10,000) in a 

homogenized control sample. MALBAC-DT typically detected 50,000 transcripts per single-cell in the 

U-2 OS and HEK293T cell lines. The accuracy of this number was bolstered by our UMI design, 

which allowed for the correction of UMI artifacts that would otherwise cause overestimation.  

We measured steady-state correlations in U-2 OS and HEK293T cell lines by amplifying and 

sequencing hundreds of single cells from each cell line. After hierarchical clustering of genes within 

each cell type, we found that the genes arranged into distinct, highly intercorrelated clusters which we 

called correlated transcriptional module (CTMs). Numerous CTMs were found to be highly 

functionally enriched. Although there were many others we could not clearly assign to a functional 

pathway, this likely reflects the lack of detailed functional annotations for most genes. These CTMs 

are statistically robust since they depend upon intercorrelations amongst all gene pairs within the CTM 

and not simply individual correlations. Indeed, the random permutation of gene expression levels 

caused these clusters to disappear. We also verified that they did not arise due to cell type 

heterogeneity, technical artifacts, or cell cycle effects. One factor we could not account for was 

microenvironmental fluctuations, which could perturb the dynamics of the regulatory network. 

Nonetheless, the homogenous cell culture appears to be a useful approximation of the steady state 

given that we recovered small and highly enriched CTMs. 
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Our original model was that these CTMs arise due to fluctuations in the activity of a regulator, 

which would cause correlated fluctuations in its downstream targets. To test this hypothesis, we used 

RNA interference to knock down the mRNA coding for the TP53 transcription factor to assess its 

effect on a 53-gene CTM highly enriched for p53 signaling. The knockdown was accompanied by 

downregulation of 50/53 genes in the p53 signaling CTM, which is consistent with its role as a 

transcriptional activator. Furthermore, 40/53 genes were found to overlap with a consensus set of 116 

TP53 targets determined in a recent meta-analysis. These two pieces of evidence strongly suggest that 

the p53 signaling module represents direct targets of the TP53 transcription factor. By comparison, 

the overlap of a recent ChIP-seq dataset with the consensus set was only 50/827, meaning that our 

CTM approach was far better at predicting regulatory targets than the conventional ChIP approach. 

In fact, given that the meta-analysis combined studies across numerous cell types, our 53-gene module 

could be a better representation of the true TP53 binding targets within our culture. This points to 

the CTMs as reflecting true co-regulatory relationships and potentially providing an improved way to 

infer transcription factor regulatory targets.  

The TP53 knockdown in U-2 OS overall caused the downregulation of 477 genes and the 

upregulation of 452. This large set of differentially expressed genes typically confounds analysis in 

studies such as perturbation screens. However, when we re-clustered only the differentially expressed 

genes using correlations in the original U-2 OS dataset, these genes were organized into 12 distinct 

CTMs with mostly consistent up or downregulation. Each of these CTMs could represent a 

differentially regulated pathway, providing a clearer way to understand the direct and indirect effects 

of knockdown. 

Finally, we found that CTMs were cell-type specific in ways consistent with our understanding 

of pathways in the HEK293T and U-2 OS cell lines. CTMs for universal functions such as protein 

synthesis and cell cycle progression were conserved. On the other hand, potential bone and cancer 
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related CTMs such as bone extracellular matrix and antioxidation were only present in U-2 OS and 

not HEK293T. The p53 signaling CTM was also not present in HEK293T due to the suppression of 

p53 function by the SV40 antigen gene. Interestingly, differential correlation did not require 

differential expression: even if the CTM disappeared, the genes could still be expressed at a similar 

level in each cell line. This could reflect the transcriptional control of genes by distinct transcription 

factors in different cell lines, which would be consistent with observations that genes have multiple 

upstream regulators. This CTM specificity could be used to classify cell phenotypes through 

differential regulatory modules rather than through differential gene expression.  

In conclusion, we believe that our approach holds great promise in advancing our 

understanding of the largely uncharacterized genome. These CTMs could be used to guide functional 

hypotheses of unknown genes through their association with functionally enriched modules. They 

could also provide a way to refine our understanding of transcription factor binding targets and to 

shift our understanding of cell type away from gene expression to pathway activity. More generally, 

MALBAC-DT unlocks applications of scRNA-seq which require greater sensitivity and precision than 

previously possible and could represent an evolution in our applications of scRNA-seq.  

3.5 Materials & Methods 

3.5.1 Cell culture and single-cell sorting 

U-2 OS (ATCC HTB-96) and HEK-293T (ATCC CRL-3216) were cultivated in Dulbecco’s 

Modified Eagle Media (Lonza) supplemented with 10% fetal bovine serum in a 5% CO2 37oC 

incubator. Cells were harvested by trypsinization with TrypLE (Thermo Fisher Scientific) at 37oC for 

5 minutes followed by resuspension in cell culture medium. Single cells were sorted using a MoFlo 

Astrios EQ cell sorter (Beckman Coulter) into 96-well plates containing 3μl of cell lysis buffer (1X 

SuperScript IV Buffer (Thermo Fisher Scientific), 0.5% IGEPAL CA-630 (Sigma-Aldrich), 660μM 

dNTP, 1M Betaine, 1U SUPERase In RNase Inhibitor (Thermo Fisher Scientific), 2.5μM reverse 
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transcription primer (IDT, see Table S1 put sequence here?)). Live single cells were selected by 

staining with 1μM Calcein AM (Thermo Fisher Scientific) and 3μM propidium iodide (Sigma-Aldrich). 

To generate the homogenized control samples, cells were sorted into a scaled volume of lysis buffer 

which was then heated to 72oC for 3 minutes and gently vortexed to lyse and homogenize the 

cytoplasmic contents. The mixture was then aliquoted into single-cell volumes. Plates were stored at -

80oC prior to amplification. 

3.5.2 cDNA synthesis and amplification 

The lysis buffer was heated to 72oC for 3 minutes to denature RNA secondary structure. After 

heating, the mixture was cooled to 4oC to anneal the reverse transcription primer. 1μl of reverse 

transcriptase mix (1X SuperScript IV Buffer, 20mM DTT, 25mM MgSO4, 3U SUPERase In RNase 

Inhibitor, 40U SuperScript IV (Thermo Fisher Scientific)) was added, vortexed thoroughly, and the 

mixture incubated at 55oC for 10 minutes to catalyze cDNA synthesis. To digest remaining primers, 

2μl primer digestion mix (1X Exonuclease I Buffer (NEB), 12U Exonuclease I (NEB)) was added, 

vortexed thoroughly, and incubated at 37oC for 30 minutes to digest reverse transcription primers. 

Following digestion, the mixture was heated to 80oC for 20 minutes to degrade the RNA and heat 

inactivate Exonuclease I and SuperScript IV. To test the efficiency of exonuclease primer degradation, 

we performed a control where the 2μl primer digestion mix contained a 2.5μM reverse transcription 

primer with an alternate semirandom UMI pattern (IDT). The ratio of reads containing the two 

semirandom UMI patterns can be used to calculate the exonuclease degradation efficiency  

 
The resulting cDNA was amplified using Multiple Annealing and Looping Based Amplification 

Cycles (MALBAC) (Figure 2) (21,31). For MALBAC, 24μl of cDNA amplification mix (1X 

ThermoPol buffer (NEB), 250μM dNTP, 1.5mM MgSO4, 0.8μM ‘GAT5-7N’ primer (IDT), 0.8μM 

‘GAT5’ primer (IDT), 2U Deep Vent (exo-) DNA Polymerase (NEB)) was added to the cDNA 
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synthesis mix. The mixture was heated to 95oC for 5 minutes, then quasilinear cDNA amplification 

was conducted by repeating the following incubation program 10 times: 4oC for 50s, 10oC for 50s, 

20oC for 50s, 30oC for 50s, 40oC for 45s, 50oC for 45s, 65oC for 4min, 95oC for 20s, 58oC for 20s. 

After quasilinear amplification, a PCR amplification was performed by heating the mixture to 95oC 

for 1min followed by 17 cycles of: 95oC for 20s, 58oC for 30s, 72oC for 3min. After this, 0.4μl of 50μM 

outer barcode primer (IDT) was added and amplified using 5 cycles of: 95oC for 20s, 58oC for 30s. 

This product is purified with 0.8x Amazi beads (Aline Biosciences) to remove <150 base pair primer 

dimers.  

3.5.3 Library Preparation 

For Illumina library preparation we used the Nextera kit (Illumina) on 25ng of input sample. 

For the PCR amplification step, we used 0.25μM S5XX primer (Illumina) and 0.25μM Read 2 Index 

Adapter primer (IDT, sequence). Before loading onto the HiSeq4000, we size selected for 300-500bp 

using an E-Gel Sizeselect 2% (Thermo Fisher Scientific) and quantified the library using the 

Bioanalyzer (Agilent). 

3.5.4 Smart-seq2 amplification of control samples 

 Control samples were prepared in 4μL of Smart-seq2 lysis buffer (0.5% IGEPAL CA-630 

(Sigma-Aldrich), 1U SUPERase In RNase Inhibitor (Thermo Fisher Scientific), 2.5μM biotinylated 

reverse transcription primer (Qiagen, SEE TABLE), 2.5mM dNTP mix). The sample was heated at 

72oC for 3 minutes, then cooled on ice for 1 minute. 6μL of reverse transcription mix was added to 

the lysis buffer to make 10μL total reverse transcription buffer (1X Superscript II Buffer (Thermo 

Fisher Scientific), 6mM MgCl2, 1M Betaine, 50mM DTT, 5U SUPERase In RNase Inhibitor (Thermo 

Fisher Scientific), 1μM 5’ biotinylated template switching oligo (Qiagen, SEE TABLE), 100U 

Superscript II (Thermo Fisher Scientific). This reaction was incubated at 42oC for 90 minutes, cycled 

11 times at 50oC for 2 minutes then 42oC for 2minutes, incubated at 72oC for 15 minutes, then held 
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at 4oC. 15μL of PCR amplification mix was then added to make 25μL total PCR amplification buffer 

(1X KAPA HiFi HostStart ReadyMix (Kapa Biosystems), 0.5μM 5’ biotinylated ISPCR primers (IDT, 

SEE TABLE). PCR was performed by incubating at 98oC for 3min then 18 cycles of the following 

program: 98oC for 20s, 67oC for 15s, and 72oC for 6min. The reaction was finally incubated at 72oC 

for 5min then held at 4oC. This product was purified using 1.0X Aline beads then prepared for Illumina 

sequencing using the Nextera kit as previously described (ref).  

3.5.5 Knockdown of TP53 expression in U-2 OS with shRNA 

pLVUHshp53 was a gift from Patrick Aebischer & Didier Trono (Addgene plasmid # 11653). 

Control plasmid was 29-mer scrambled shRNA cassette in pGFP-C-shLenti vector (Origene). 

Plasmids were transfected using TransIT-LT1 (Mirus) according to the manufacturers recommended 

protocol using 1μg of plasmid. At 48 hrs following transfection, cells were trypsinized to a single-cell 

suspension. GFP+/Calcein Violet+/PI- single cells were sorted using a MoFlo Astrios EQ cell sorter 

(Beckman Coulter) into 96-well plates containing 3μL lysis buffer and amplified using the MALBAC-

DT protocol as previously described. 
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Chapter 4: Discovering the genetic regulators of 

mouse early embryo development with MALBAC-

DT 

The work described in this chapter are the preliminary results of an ongoing project. 

4.1 Abstract 

Mouse preimplantation embryo development involves the activation of thousands of genes 

with largely uncharacterized roles. Individual characterization of these genes is impractical, and 

genome-scale approaches are needed to guide functional hypotheses. Here, we used MALBAC-DT 

single-cell RNA-seq (scRNA-seq) to infer modules of co-regulation within each stage of development 

by amplifying and sequencing thousands of single cells. We found that lineage defining transcription 

factors Sox2, Nanog, and Gata3 are very highly correlated with numerous modules, and that that genes 

with known roles in blastocyst development generally share this property. To test whether this 

property is predictive of important development factors, we used RNA interference to knock down 

the expression of five transcription factors highly correlated with numerous modules. We found that 

three knockdowns exhibited an altered developmental phenotype, which is a remarkably high success 

rate. Our ultimate goal is to prove that we can reliably predict important developmental factors using 

this approach to provide mechanistic explanations for the knockdown phenotypes.  

4.2 Introduction 

The preimplantation developmental process involves the activation of the zygotic genome and 

the upregulation of pathways that control differentiation into the trophectoderm (TE), primitive 

endoderm (PE) or epiblast (EPI). Although a general outline of the genetic events governing this 

process is known (1), the majority of expressed genes have poorly characterized roles. Single-cell 
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RNA-seq (scRNA-seq) has been applied to study the timing and pattern of gene expression changes 

to determine how transcriptional programs drive the differentiation process (2-7). Since thousands of 

genes are expressed at each stage, co-expression has been used to group genes into functional modules 

to better understand their organization (4). However, as discussed in section 1.3, multiple pathways 

are differentially simultaneously across developmental stages, causing functionally unrelated genes to 

be co-expressed and grouped together. Genome-wide perturbation screens have served as a 

complementary way to determine important regulators (8), but the results of this approach are difficult 

to rationalize. Typically, only gross changes in morphology, developmental progress, or cell viability 

are examined as an output. Furthermore, the results of these experiments are highly sensitive to the 

strength of perturbation, and it is difficult to predict what constitutes a functionally significant level 

of knockdown. These issues have made it difficult to reconstruct the gene regulatory network of 

mouse preimplantation embryo development. 

This chapter describes the application of gene co-regulation inference using MALBAC-DT to 

this problem. The experiments involve the collection of hundreds of single cells from each stage of 

development from the zygote to the blastocyst. The size of this dataset combined with the high 

sensitivity and accuracy of MALBAC-DT allows genes to be grouped into correlated transcriptional 

modules (CTMs) within each cell stage rather than across cell stages.  This results in smaller modules 

that have closer regulatory and functional relationships. Furthermore, in contrast to the steady-state 

situation, we expect there to be stronger correlation between transcription factors transcripts and 

transcripts of their target genes. This is because transcriptional activation is necessary to initialize 

transcription factor expression and activity during development, whereas at steady-state the protein 

level is relatively constant and activity is modulated by post-translational processes. In this study, we 

assess whether CTMs can be used to predict the developmental importance of transcription factors 

and use RNA interference to test these predictions. 
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4.3 Results 

We collected 3169 single cells across the zygote and blastocyst stages of the mouse 

preimplantation embryo derived from C57BL/6Ncrl female and DBA/2Ncrl male mice (zygote: 372, 

2-cell: 765, 4-cell: 607, 8-cell: 711, morula: 654, blastocyst: 600). Cells typically contained from 20,000 

to 50,000 unique transcripts across about 10,000 genes per cell. We filtered out samples that had lower 

than 10,000 transcript counts. Dimensionality reduction using t-stochastic neighbor embedding (t-

SNE) for all cells showed clear cell type clustering at the blastocyst stage (Figure 4.1). These clusters 

were identified as the PE, TE, and EPI based on the marker genes Gata4, Sox2, and Nanog respectively. 

Cell differentiation was also apparent at the morula stage, as Pou5f1 expression could be used to 

differentiate the ICM from the TE (Supplementary Figure 4.1). The same visualization grouped 

according to collection and amplification batches did not show the presence of batch effects 

(Supplementary Figure 4.2). 

 

Figure 4.1. Developmental trajectory of mouse preimplantation embryo. t-Distributed 
Stochastic Neighbor Embedding of all collected cells from zygote to blastocyst stages. Clear 
clusters in the blastocyst were identified as primitive endoderm (PE), trophectoderm (TE), and 
epiblast (EPI). 
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Distinct correlated transcriptional modules (CTMs) were present within each stage (Figure 

4.2A). The module containing Cdx2 was found to have a high positive correlation with the Nckap1l 

gene in a module enriched for hematopoietic stem cell differentiation (Figure 4.2B). Cdx gene 

deficiency is known to compromise embryonic hematopoiesis in mice (9), and the connectivity 

between the modules could indicate the role of Cdx2 in regulating the activity of the hematopoietic 

pathway. 

Based on this insight, we hypothesized that important genes would be involved in the activity 

of numerous pathways, making them connected to numerous modules and genes. We categorized a 

gene and a module as being highly correlated if the gene had an average correlation >0.1 with genes 

in that module, or with a gene if the pairwise correlation was >0.1. We calculated the connectivity of 

all genes at the morula stage and found that genes with GO terms for ‘blastocyst development’ were 

highly enriched for higher connectivity (Figure 4.3A). In addition, many important preimplantation 

 

Figure 4.2. Connection of Cdx2 module with hematopoietic stem cell differentiation. The 
gene module containing the Cdx2 gene is shown in green. Distinct modules are outlined along the 
diagonal. Genes in some modules were highly correlated with other modules, as evidenced by 
horizontal or vertical ‘lines’ (one such line is outlined in black). The Cdx2 module is connected 
with a module enriched for hematopoietic stem cell differentiation, and Cdx deficiency is known 
to compromise embryonic hematopoiesis in mice (9). 
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development transcription factors were highly connected to numerous modules (Figure 4.3B). This 

included Sox2, Nanog, and Gata3, which directly regulates Cdx2 expression in the TE (10). This strongly 

suggests that gene connectivity is a meaningful indicator of a transcription factor’s importance in 

regulating development. 

To test this hypothesis, we performed knockdown of transcription factors with high 

connectivity using RNA interference. Zygotes were cultured in vitro and transfected with siRNA 

 
Figure 4.3. Module and gene connectivity at the morula stage. (A) The fraction of genes that 
are highly correlated with a given number of modules (left) or genes (right). A gene is highly 
connected with a module if its average correlation with a module is > 0.1, and with a gene if its 
correlation is > 0.1. The figures show that genes with GO terms related to ‘blastocyst 
development’ are significantly enriched for higher module and gene correlations. (B) The number 
of connected modules for transcription factors (for those with >5). Important developmental 
factors such as Sox2, Nanog and Gata3 appear amongst the most highly connected. 
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through electroporation. The genes initially chosen for knockdown were Hnrnpab, Klf17, Phf5a, Rest, 

and Supt6 (Supplementary Figure 4.3). Each of these genes are not known to be associated with 

preimplantation development but are connected with >4 modules. Knockdown of Phf5a, Rest, and 

Supt6 changed developmental phenotypes relative to the control. For Phf5a and Supt6, the embryos 

 
Figure 4.4. Result of RNAi knockdown of transcription factors Phf5a, Rest, and Supt6. In 
vitro cultured preimplantation embryos were electroporated with the indicated siRNA at the 
zygote stage. Phf5a transfected embryos primarily died before the 2-cell stage. Rest transfected 
embryos were seen to expand more quickly than the control. Supt6 transfected embryos began to 
die at the 8-cell stage. Knockdown of Hnrnpab and Klf17 were no seen to have an effect. 
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began to viability at the zygote and 8-cell stages respectively, whereas for Rest the embryos divided 

faster than the control.  

4.4 Discussion 

The development of the mouse preimplantation embryo is still in many ways poorly 

understood. Genome-scale studies such as single-cell RNA-seq have revealed the complex changes in 

gene expression and regulation that occur during this process, but better ways are needed to guide 

functional characterization of these genes. In this study, we used MALBAC-DT scRNA-seq to 

determine co-expressed modules of genes within each stage of development from the zygote to the 

blastocyst stage. This was enabled by the collection of hundreds of single cells from each stage of 

development as well as the high sensitivity and accuracy of MALBAC-DT. We found that modules 

containing Cdx2 and Nckap1l were connected via their transcription factors, which was consistent with 

prior observations that Cdx gene function is important for hematopoietic potential in mouse 

embryonic stem cells. This led to the hypothesis that important developmental transcription factors 

would be highly correlated with multiple pathways that they regulate. Enumeration of the number of 

modules that are connected to each transcription factor revealed that known marker genes Nanog, 

Sox2 and Gata3 were among the most highly connected. We chose 5 highly connected transcription 

factors with no known function in mouse preimplantation development to knockdown using RNA 

interference. We found that Supt6, Rest, and Phf5a noticeably affected the developmental phenotype, 

which is a remarkably high hit rate. This suggests that module connectivity could be a strong predictor 

of importance to developmental regulation. Our next step will be to expand this knockdown to a 

greater number of genes and to justify the resulting phenotypes based on our knowledge of the 

connected modules. Eventually, our goal is to go beyond functional screening and to guide functional 

characterization based on understanding the gene regulatory network of the mouse preimplantation 

embryo. 
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4.5 Materials and Methods 

4.5.1 Mouse breeding and collection of single cells from the embryo 

All experiments were performed in compliance with the Harvard University Institutional 

Animal Care and Use Committee (IACUC). 4-6 week old C57BL/6Ncrl female mice (Charles River 

Laboratories) were superovulated by an injection of 7.5 IU Pregnant Mare Serum Gonadotropin 

followed by 7.5 IU human Chorionic Gonadotropin after 48 hours, then immediately paired with 

DBA/2Ncrl male mice (Charles River Laboratories). Preimplantation embryos were isolated between 

18 and 90 hours after hCG injection and the zona pellucida was removed by treatment with acidic 

Tyrode solution. Blastomeres were dissociated by incubation for 15-30 minutes in 0.05% trypsin then 

washed twice in a phosphate-free buffer. Embryos were additionally dissociated mechanically using 

mouth pipette then transferred to 3μl of MALBAC-DT lysis buffer and amplified as described in 

chapter 3. 

4.5.2 In vitro culture and siRNA transfection of zygotes 

Mouse zygotes were isolated as described above and cultured in KSOM media. siRNA 

targeting the genes of interest were introduced into mouse 3T3 cell line or mouse preimplantation 

embryos via electroporation on a Nepa21 electroporator (Nepagene) at 0.4μM with poring pulse 

(voltage: 40V, length: 2ms, interval: 50ms, number of pulse: 4, D. Rate: 10, polarity: +) and transfer 

pulse (voltage: 7V, length: 50ms, interval: 50ms, number of pulses: 5, D. Rate: 40%, polarity: +/-). 
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Appendix: Supplementary Figures, Tables, and 

Experimental Procedures 

Supplementary Figures for Chapter 2 

 

 

 

 

 
Supplementary Figure S2.1. Substitution error rates over the LacZα (-) strand template for Q5 DNA 
polymerase after elimination of sequencing errors. Error bars indicate the higher and lower value in 
two technical replicates. The abnormally high rate of C->A errors in one replicate suggests formation 
of oxo-G by oxidative damage, since oxo-G forms a Hoogsteen base pair with adenine (1). This high 
error rate replicate was excluded from analysis. 
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Supplementary Figure S2.2. Error spectrum of Pol IV (top) and Klenow (exo-) (bottom) replicating 
over the 281 base pair LacZα (-) strand template. Base sequence is that of the replication product. 
Error hotspots are marked below the sequence with an arrow 
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Supplementary Figure S2.3. Changes in the overall error rate (top figure) and the error rate of 
substitution types (below) replicating over the LacZα (-) strand template with under-sampling. 
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DNA Polymerase Distribution Poisson Fit  Hotspot 
Positions p μ 

DNA Pol IV 
(LacZα (-) strand) 
 

 

0.0078 
0.076 
0.12 
0.13 
0.11 
0.10 
0.11 
0.090 
0.063 
0.019 
0.073 
0.036 
0.011 
0.028 
0.014 
0.011 
0.0071 

5.8 
15.1 
31.6 
56.4 
81.4 
104.9 
134.8 
164.5 
197.6 
212.4 
251.0 
317.5 
357.0 
412.2 
490.0 
600.9 
724.4 
 

106 
132 

Klenow (exo-) 
(LacZα (-) strand) 
 

 

0.076 
0.31 
0.079 
0.39 
0.12 
0.017 
0.0080 

2.6 
6.6 
11.2 
15.8 
27.2 
45.7 
68.3 

80 
260 

DNA Pol IV 
(LacZα (+) strand)* 
 

 

0.81 
0.050 
0.13 
0.012 

2.14 
2.15 
7.4 
13.9 

23 
95 
270 

DNA Pol IV 
(LacZα (+) strand) 
Forward Mutation 
Assay Data (2) 
 

 

0.957 
0.036 
0.0036 
0.0036 

0.10 
2.5 
6.0 
9.0 

95 

 

Supplementary Figure S2.4. Distribution of substitution errors per site. Fits (red) are a combination 
of Poisson distributions as determined by C.A.MAN. 
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Supplementary Figure S2.5. Error spectrum of Pol IV replicating over the 281 base pair LacZα (+) 
strand template. Our data from barcoded sequencing (top, 4.6 x 10-4 sub/bp) compared with data 
from a forward mutation assay measurement (bottom, 5.1 x 10-5 sub/bp) (2). Base sequence is that of 
the replication product. Error hotspots are marked below the sequence with an arrow 
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Supplementary Figure S2.6. Substitution error spectra of DNA Polymerase IV, 3’->5’ exonuclease 
deficient Klenow Fragment, and DNA Polymerase I over N2-furfuryl-dG lesion-containing and 
control oligonucleotides ligated into the M13mp7(L2) plasmid. Differences in the error rate between 
lesion and control substrates away from lesion may be due to oligonucleotide synthesis inconsistencies 
or template damage during the preparation procedure. 



78 

Supplementary Tables for Chapter 2 

 

Supplementary Table S2.1. Extension primers (5’ to 3’) excluding target complement 

Name Primer Sequence 
F0X ACACTCTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNNNNNNNN 
F00 ACACTCTTTCCCTACACGACGCTCTTCCGATCTCTGTNNNNNNNNNNNNNNN 
F01 ACACTCTTTCCCTACACGACGCTCTTCCGATCTACGTANNNNNNNNNNNNNNN 
F02 ACACTCTTTCCCTACACGACGCTCTTCCGATCTATTGATNNNNNNNNNNNNNNN 
F03 ACACTCTTTCCCTACACGACGCTCTTCCGATCTAGACTGGNNNNNNNNNNNNNNN 
F04 ACACTCTTTCCCTACACGACGCTCTTCCGATCTCAGTCATCNNNNNNNNNNNNNNN 
F05 ACACTCTTTCCCTACACGACGCTCTTCCGATCTCGTCCACTGNNNNNNNNNNNNNNN 
F06 ACACTCTTTCCCTACACGACGCTCTTCCGATCTTACTGCATACNNNNNNNNNNNNNN

N 
F07 ACACTCTTTCCCTACACGACGCTCTTCCGATCTTCTACTGAGTANNNNNNNNNNNNNN

N 
F08 ACACTCTTTCCCTACACGACGCTCTTCCGATCTTGCAGCTCTAGTNNNNNNNNNNNNN

NN 
F09 ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTCCGGCAATCGGNNNNNNNNNNNN

NNN 
F10 ACACTCTTTCCCTACACGACGCTCTTCCGATCTGAAGTCAGCGTACGNNNNNNNNNNN

NNNN 
R0X CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTNNNNNNNNNNNNNNN 
R00 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTGGTANNNNNNNNNNNNNNN 
R01 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTTCAGTNNNNNNNNNNNNNNN 
R02 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTTGCCTGNNNNNNNNNNNNNNN 
R03 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTTAGAGCANNNNNNNNNNNNNNN 
R04 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTCTAGCTGCNNNNNNNNNNNNNNN 
R05 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTCATCCTCGANNNNNNNNNNNNNNN 
R06 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTGTCGACTGTCNNNNNNNNNNNNNN

N 
R07 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTGCGTCGATAGTNNNNNNNNNNNNN

NN 
R08 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTATGCGACACTCANNNNNNNNNNNN

NNN 
R09 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTAGTACAGCTTAGANNNNNNNNNNN

NNNN 
R10 CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTACTAACTAGAGTCGNNNNNNNNNN

NNNNN 
 
‘F’ primers were used with the polymerase of interest. ‘R’ primers were used with the high fidelity 
polymerases to synthesize the complementary strand. The condition barcode (if present) is underlined. 
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Supplementary Table S2.2. Plasmids and target template sequences (5’ to 3’).  

Plasmid 
(Locus Name) 

Target Template Sequence 

pBeloBac11 
(CmR) 

TGATATGGGATAGTGTTCACCCTTGTTACACCGTTTTCCATGAGCAAACTG
AAACGTTTTCATCGCTCTGGAGTGAATACCACGACGATTTCCGGCAGTTTC
TACACATATATTCGCAAGATGTGGCGTGTTACGGTGAAAACCTGGCCTAT
TTCCCTAAAGGGTTTATTGAGAATATGTTTTTCGTC 

pOPINP 
(LacZα (-)) 

GCGCAACTGTTGGGAAGGGCGATCGGTGCGGGCCTCTTCGCTATTACGC
CAGCTGGCGAAAGGGGGATGTGCTGCAAGGCGATTAAGTTGGGTAACGC
CAGGGTTTTCCCAGTCACGACGTTGTAAAACGACGGCCAGTGAATCCGTA
ATCATGGTCATAGCTGTTTCCTGTGTGAAATTGTTATCCGCTCACAATTCC
ACACAACATACGAGCCGGAAGCATAAAGTGTAAAGCCTGGGGTGCCTAAT
GAGTGAGCTAACTCACATTAATTGCGTTGCGC 

pOPINP 
(LacZα (+)) 

GCGCAACGCAATTAATGTGAGTTAGCTCACTCATTAGGCACCCCAGGCTTT
ACACTTTATGCTTCCGGCTCGTATGTTGTGTGGAATTGTGAGCGGATAAC
AATTTCACACAGGAAACAGCTATGACCATGATTACGGATTCACTGGCCGT
CGTTTTACAACGTCGTGACTGGGAAAACCCTGGCGTTACCCAACTTAATCG
CCTTGCAGCACATCCCCCTTTCGCCAGCTGGCGTAATAGCGAAGAGGCCC
GCACCGATCGCCCTTCCCAACAGTTGCGC 

M13mp7(L2) + 
oligonucleotide 

GGATAACAATTTCACACAGGAAACAGCTATGACCATGATTCAGTGCTACCT
GTGGACGGCTGCGAAATTCACTGGCCGTCGTTTTACAACGTCGTGACTGG
GAAAACCC 

 

For the M13mp7L2 + oligonucleotide, the 20-mer insert is underlined and the position of the N2-
furfuryl-dG lesion is bolded. (LacZα (-)) indicates the minus strand whereas (LacZα (+)) indicates 
the plus strand. 
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Supplementary Table S3. Q5 DNA polymerase error rates with different product copies. 

 1 copy 2 copies 3 copies 4 copies 5 copies 
Number of Products 
pBeloBAC11 (CmR) 16998 14373 17344 17651 16202 
pOPINP (lacZα (-)) 4451 954 1556 2245 2948 
Substitution Rate (x 10-4 errors/bp) 
pBeloBAC11 (CmR) 1.0 0.056 0.033 0.035 0.046 
pOPINP (lacZα (-)) 1.5 0.056 0.091 0.048 0.042 
Deletion Rate (x 10-4 errors/bp) 
pBeloBAC11 (CmR) 0.056 0 0 0 0 
pOPINP (lacZα (-)) 0.043 0 0 0 0 
Insertion Rate (x 10-4 errors/bp) 
pBeloBAC11 (CmR) 0.0022 0 0 0 0 
pOPINP (lacZα (-)) 0 0 0 0 0 

 
CmR data is from two technical replicates, while the LacZα (-) strand data is from one replicate. A 
value of 0 indicates that no errors were found in any of the products.  

  



81 

 

 

 

 

 

 

Supplementary Table S2.4. Products and mutation numbers  

DNA 
Polymerase 

Temp
late 

Rep Products Mutated 
Products 

Substitutions Deletions Insertions 

Klenow (exo-) CmR 1 19762 719 640 91 2 
LacZα 
(-) 

1 63895 2078 1992 174 3 
2 58951 2205 2091 185 6 

LacZα 
(+) 

1 9304 792 692 143 1 
2 17139 1377 1191 274 0 

Taq CmR 1 19357 709 673 43 5 
2 20566 790 765 42 6 

DNA Polymerase 
IV 

LacZα 
(-) 

1 92494 28711 21382 13247 184 
2 71000 22851 18629 9328 160 

LacZα 
(+) 

1 9364 3964 2781 2539 43 
2 9412 4053 2710 2710 30 

DNA Polymerase 
IV (Buffer 2) 

LacZα 
(+) 

1 6578 1540 837 924 17 

Q5 DNA 
Polymerase 

CmR 1 55349 71 84 2 1 
2 40818 46 45 1 0 

LacZα 
(-) 

1 36359 82 83 0 0 

 

Numbers obtained for 3’->5’ exonuclease deficient Klenow Fragment, Taq, E. Coli DNA Polymerase 
IV and Q5 DNA polymerase over two replicates. Both single-nucleotide and multi-nucleotide errors 
are included in counts. 
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Supplementary Table S2.5. Error rates determined by the sequencing assay. 

  

DNA Polymerase Locus Replicate 1 Replicate 2 Mean Error Rate 
Klenow (exo-) CmR 1.7 x 10-4 sub/bp 

3.9 x 10-5 del/bp 
5.4 x 10-7 ins/bp 

- 1.7 x 10-4 sub/bp 
3.9 x 10-5 del/bp 
5.4 x 10-7 ins/bp 

LacZα 
(-) 

1.1 x 10-4 sub/bp 
1.4 x 10-5 del/bp 
2.8 x 10-7 ins/bp 

1.3 x 10-4 sub/bp 
1.6 x 10-5 del/bp 
4.8 x 10-7 ins/bp 

1.2 x 10-4 sub/bp 
1.5 x 10-5 del/bp 
3.8 x 10-7 ins/bp 

LacZα 
(+) 

2.7 x 10-4 sub/bp 
8.6 x 10-5 del/bp  
3.8 x 10-7 ins/bp 

2.5 x 10-4 sub/bp 
9.1 x 10-5 del/bp 
0 

2.6 x 10-4 sub/bp 
8.9 x 10-5 del/bp 
1.9 x 10-7 ins/bp 

Taq CmR 1.9 x 10-4 sub/bp 
1.3 x 10-5 del/bp 
1.4 x 10-6 ins/bp 

2.0 x 10-4 sub/bp 
0.85 x 10-5 del/bp 
1.8 x 10-6 ins/bp 

1.9 x 10-4 sub/bp 
1.1 x 10-5 del/bp 
1.6 x 10-6 ins/bp 

DNA Polymerase  
IV 

LacZα 
(-) 

8.3 x 10-4 sub/bp 
6.1 x 10-4 del/bp 
7.5 x 10-6 ins/bp 

9.5 x 10-4 sub/bp 
5.7 x 10-4 del/bp 
9.1 x 10-6 ins/bp 

8.9 x 10-4 sub/bp 
5.9 x 10-4 del/bp 
8.3 x 10-6 ins/bp 

LacZα 
(+) 

1.1 x 10-3 sub/bp 
1.3 x 10-3 del/bp 
2.2 x 10-5 ins/bp 

1.0 x 10-3 sub/bp 
1.3 x 10-3 del/bp 
1.8 x 10-5 ins/bp 

1.1 x 10-3 sub/bp 
1.3 x 10-3 del/bp 
2.0 x 10-5 ins/bp 

DNA Polymerase 
IV (Buffer 2) 

LacZα 
(+) 

4.6 x 10-4 sub/bp 
6.3 x 10-4 del/bp 
9.7 x 10-6 ins/bp 

- 4.6 x 10-4 sub/bp 
6.3 x 10-4 del/bp 
9.7 x 10-6 ins/bp 

Q5 DNA 
Polymerase 

CmR 4.9 x 10-6 sub/bp 
5.3 x 10-7 del/bp 
3.4 x 10-7 ins/bp 

2.9 x 10-6 sub/bp 
6.5 x 10-7 del/bp 
0 ins 

3.9 x 10-6 sub/bp 
3.0 x 10-7 del/bp 
1.7 x 10-7 ins/bp 

LacZα 
(-) 

4.1 x 10-6 sub/bp 
0 del 
0 ins 

- 
 

4.1 x 10-6 sub/bp 
0 del 
0 ins 
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Supplementary Table S2.6. Error rates determined in previous literature.  

* indicates that DNA polymerase products were generated by PCR 

  

DNA Polymerase Method Publication Error Rates 
Klenow (exo-) Colony sequencing 

without selection* 
Scharf et. al 1986 8.0 x 10-5 substitutions/bp 

Colony sequencing 
with LacZα forward 
mutation selection 

Bebenek et. al 1990 
 

2.5 x 10-5 substitutions/bp 
1.3 x 10-5 deletions/bp 

Bebenek et. al 1995 6.0 x 10-5 substitutions/bp 
Denaturing gradient 
gel electrophoresis* 

Keohavong et. al 1989 1.2 x 10-4 substitutions/bp 
2.5 x 10-5 deletions/bp 

Taq Colony sequencing 
without selection* 

Saiki et. al 1988 2.0 x 10-4 substitutions/bp 

Colony sequencing 
with LacZα forward 
mutation selection 

Tindall et. al 1988 1.1 x 10-4 
substitutions/bp 

2.5 x 10-5 deletions/bp 
Colony sequencing 
with LacZα forward 
mutation selection 

Eckert et. al 1990 1.7 x 10-5 substitutions/bp 
5.0 x 10-7 deletions/bp 

Denaturing gradient 
gel electrophoresis* 

Keohavong et. al 1989 2.0 x 10-4 substitutions/bp 

Pol IV Colony sequencing 
with LacZα forward 
mutation selection* 

Kobayashi et. al 2002 5.1 x 10-5 substitutions/bp 
2.1 x 10-4 frameshifts/bp 

Q5 Colony sequencing 
with LacZα forward 
mutation selection 

NEB (accessed 02/02/16) 
https://www.neb.com/tools-
and-resources/feature-
articles/polymerase-fidelity-
what-is-it-and-what-does-it-
mean-for-your-pcr 

1.0 x 10-6 substitutions/bp 
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Supplementary Table S2.7. Comparison of lesion error rates with kinetics data 

DNA Pol IV Replication opposite N2-furfuryl-dG 
Nucleotide 
Pairing 

Vmax/KM (pmol min-1 mg-1 M-1) 
(from Jarosz. et. al 2007) 

Frequency of Occurrence 
(from our sequencing data) 

Incorporation Extension 
 

G*·dCTP (correct) 6.2 x 107 3.4 x 108 ~ 0.99 
G*·dTTP 4.2 x 106 8.2 x 106 1.13 x 10-2 
G*·dATP 4.0 x 106 5.4 x 105 1.30 x 10-3 
G*·dGTP Undetectable - 8.58 x 10-5 

  

Comparison with previous kinetics data and relative frequency in the sequencing product. Relative 
frequency = (number of products with that nucleotide pairing) ÷ (number of products with the correct 
nucleotide pair).   
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Supplementary Methods for Chapter 2 

Calculation of Error Rates From Phenotypically Detectable Sites on the LacZα Locus 

To determine the consistency between our technique and the LacZα forward mutation assay, we 

calculated error rates based only on errors which are known to be phenotypically detectable (3). We 

removed all errors which would not have been phenotypically detectable and then calculated the error 

rate (frequency of errors per base) as: 

Error Rate =
MF0 − MFb

Nd
 

Where  

MF0
 = frequency of errors per product generated by DNA polymerase of interest 

MFb = frequency of errors per product generated by Q5 during complementary strand synthesis 

Nd = number of base positions with phenotypically detectable errors 

This expression is equivalent to that used to analyze sequencing results from the LacZα forward 

mutation assay, except that the correction factor for minus strand expression is omitted. We note that 

this could systematically underestimate the substitution error rate since it treats all base positions 

equally, but not all types of substitutions are detectable at every one of the Nd
 sites. 
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Supplementary Figures for Chapter 3 

 

 

 

 

 

 

 

 

Supplementary Figure S3.1. UMI error rate measurement. The 20 base UMI has a semirandom 
design (BDHVx5). Bases falling outside of this pattern in the sequencing read (red) must have arisen 
due to either amplification or sequencing errors. This allows error rate within the UMI to be calculated. 
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Supplementary Figure S3.2. Quantification of mis-priming rate during cDNA amplification. 
The upper semi-random UMI design (HBDVx5) is incorporated into the reverse transcription primer, 
while the lower semi-random design (VDBH) is incorporated into the control reverse transcription 
primer added after reverse transcription. Any reads matching the lower semi-random design 
(highlighted in red) must arise due to annealing of undigested reverse transcription primer during 
cDNA amplification. This can be used to calculate the reverse transcription primer digestion 
efficiency.  
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Supplementary Figure S3.3. Clustering of correlation coefficients in homogenized control. 
Clustering of the gene-gene correlation coefficient in 400 single-cell level homogenized control 
samples reveals very few visible clusters. 
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Supplementary Figures for Chapter 4 

 

Supplementary Figure S4.1. Identification of cell lineages. The trophectoderm (TE), inner cell 
mass (ICM), epiblast (EPI) and primitive endoderm (PE) can be identified by the marker genes shown. 
The top figure shows labeling of cell stages 1-8 cell, morula (M) and blastocyst (B). 
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Supplementary Figure S4.2. Lack of batch effect in mouse data. t-SNE clusters are shown for 
blastocyst data with different collection batches (exp895-899) colored. There is no clear batch effect 
and clustering is dominated by the presence of three cell types.  
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Supplementary Figure S4.3. Verification of siRNA for knockdown in mouse 3T3 cells. (A) 
Target genes and siRNA sequences. (B) qPCR verification of knockdown efficiency in mouse 3T3 cell 
line. Relative expression levels are shown for 48h and 72h post transfection relative to a no 
transfection control. 
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