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Abstract: 

Mutations acquired in each cell during and after embryogenesis are passed to the 

descendant cells such that, within the same individual, different populations of somatic 

cells have slightly different DNA, resulting in genomic mosaicism. These mosaic 

mutations might give the cells proliferative advantage, and ultimately cause cancer, or can 

affect the cellular functions without a proliferative effect as in case of diverse neurological 

diseases. This makes the detection of mosaic mutations important for understanding the 

mechanism of various diseases. Although whole genome sequencing of bulk tissue has 

been used for detecting mosaic mutations, it is not sensitive enough to detect mosaic 

mutations present in less than 2% of the cells. This hurdle has been overcome by single-

cell DNA sequencing (scDNA-seq) which in recent times has emerged as an efficient tool 

for discovering and analyzing mosaic mutations. However, there are pitfalls and drawbacks 

of scDNA-seq that need to be addressed.  

First, the amount of DNA in a single cell is not sufficient for sequencing and needs 

to be amplified. The most used amplification method MDA (Multiple Displacement 

Amplification) has drawbacks such as uniformity of amplification and high error rate. 

Some cells go through the uniform amplification process with less errors than others and it 

is important to identify the quality of the data prior to mosaic mutation discovery. In 

Chapter 2 I discuss a method we have developed which can rank amplification quality 

using low coverage (1X) sequencing data to give an estimate of uniformity of amplification 

which can be used to select single cells for high coverage (>30X) sequencing.  
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Second, for detection of mosaic mutations in single cells, the most frequently used 

approach is to compare single cell genomes to that of a matched reference bulk. While this 

approach works well to find private mutations in a cell, it misses mutations that are present 

at higher frequency, and consequently present in multiple cells in the reference bulk. To 

address this, I have developed, described in Chapter 3, a bioinformatic tool to detect 

somatic mosaicism including SNVs and INDELs using pair-wise comparison of single cell 

data and provide data demonstrating that the method outperforms existing methods. 
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CHAPTER 1 – Introductions 
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1.1 SOMATIC MOSAICISM 

Somatic mosaicism refers to the presence of a distinct population of cells in the body 

harboring slightly different DNA code from each other. One of the most common 

mechanisms for somatic mosaicism is the incorporation of postzygotic mutations during 

cell division. Once the cell is fertilized, it develops into a blastocyst, which further divides 

and forms the inner cell mass and trophoblast. Further divisions lead to the germ layers 

(ectoderm, endoderm, and mesoderm) and the pluripotent cells in the germ layers keep 

dividing, producing more specialized cells, which forms different tissues, organs and 

eventually to a fully developed fetus. Now, as cells start dividing from the fertilized egg, 

at each division, due to imperfect DNA replication (~0.27 to 0.99 errors in 109 nucleotides) 

(1), de-novo mutations arise and are transferred to the daughter cells. These early somatic 

mutations are passed on to all subsequent future cells and are accumulated over time. As 

the cells divide into different lineages, each lineage will tend to have its lineage specific 

private mutations. It gets more complex as different lineages converge together to form 

tissues and organs (2). It is estimated that approximately 1.2 SNVs are introduced per cell 

division during development leading to an accumulation of about 50 to 100 de-novo SNVs 

in each newborn human (3-8). The accumulation of somatic mutation increases with age 

(9-11),  and is roughly estimated to be about 16-50 SNVs per cell per year when looking 

at multiple tissues (6, 12, 13). Environmental factors like tobacco smoking and alcohol 

consumption can also increase the rate of somatic mutation accumulation (14). These 

mutations present at a low frequency in the body, by themselves, or with help of future 

mutations can lead to a variety of health conditions. 
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1.2 CONDITIONS ASSOCIATED WITH SOMATIC MOSAICISM 

Mosaic mutations arising early in embryogenesis pose a cancer predisposition risk if they 

affect cancer susceptibility genes (CSG) and their detection may affect therapeutic and 

prophylactic measures (15). Almost all cancers expand from a single cell, such that the 

genome of the founder cell is replicated in all cells of the cancer. As the cancer progresses 

and proliferates uncontrollably, more mutations are incorporated and genomic 

heterogeneity of the mass increases, making the detection of driver mutations challenging. 

However, multiple evidence suggests that most variants in cancer originate before the 

malignant transformation and thus can inform about mutagenesis in normal cells and its 

relationship to age (11, 16, 17). A benign somatic mutation early in life can aggravate the 

pathogenesis of a cancer when a second de-novo mutation is introduced later in life (11). 

Neuronal (non-dividing cells) mosaic mutations rate also increases with age at the rate of 

16-21 SNVs per year due to oxidation and age specific defective DNA damage repair (18, 

19). In case of an Alzheimer’s brain, this number increases compared to neurotypical 

individuals and is probably due to the increase of ROS (reactive oxygen species) caused 

by accumulation of amyloid and tau proteins (18).  In conditions such as autism spectrum 

disorder (ASD), mosaic mutations occur more frequently in affected individuals compared 

to healthy siblings and contribute to 5.1 % of autism diagnosis (20).  Mosaic mutation in 

the gene SLC34A2 in a pediatric epileptic patient, present between 4%-20% allele 

frequency in 12 different tissue samples showed correlation between the proportion of the 

mutation and the severity of the disease (21). 
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This makes study of somatic mosaicism extremely vital to understanding their occurrence 

in unaffected tissues and their potential to lead to more aggressive conditions. 

 

1.3 SINGLE CELL SEQUENCING FOR DETECTION OF MOSAIC MUTATION 

Although whole genome sequencing of bulk tissue has been used for detecting somatic 

mutations, it is not sensitive enough to detect mosaic mutations present below 1% variant 

allele frequency (VAF), i.e., a heterozygous mutation present in less than 2% of the cells. 

This is because bulk tissue is made up of heterogeneous cell populations and the genomic 

material of all the cells are mixed during DNA extraction. After sequencing , it is easy to 

identify mutations which are present in the majority of the cells (germline) but the 

mutations coming from a minority cell population becomes indistinguishable from noise 

(22). This hurdle has been overcome by single-cell DNA sequencing (scDNA-seq) which 

in recent times has emerged as an efficient tool for studying mosaic mutations (23-25). 

Since we are looking at the DNA of a single cell, the private somatic mutations have the 

same profile as the germline mutation and are easier to differentiate from sequencing and/or 

library preparation artifacts. Additionally, somatic mutations detected from single cells can 

be used for lineage tree construction which can give insight on the origin of the condition 

such as cancer’s founder cell and for the study of developmental biology (14, 26-28). While 

in bulk sequencing, mosaic mutation can be differentiated from germline based on their 

variant allele frequencies, in single cell sequencing the same method is not effective. Since 

the germline and mosaic mutations have the same allele frequency in a single cell, a 
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supplemental bulk sequencing data is required to identify and filter the germline mutation 

from the single cell data leaving behind the cell’s private mutations. 

1.4 CHALLENGES 

There are challenges in single cell sequencing that need to be addressed for effective 

identification of somatic mosaicism. Since the starting DNA amount in a single cell is very 

low, an additional step of DNA amplification is required. There are two types of broad 

methods for DNA amplification: cell cloning and enzymatic whole genome amplification 

(WGA). Depending on the experimental design one of the two methods can be used.  WGA 

methods, unlike cell cloning, directly isolate extracted DNA from single cells and then 

amplify it, making it possible to sequence the DNA of cells which cannot be cultured, such 

as neurons. There are five types of WGA methods: DOP-PCR (Degenerate 

Oligonucleotide–Primed Polymerase Chain Reaction) (29), MDA (Multiple Displacement 

Amplification) (30), PTA (Primary Template Amplification) (31), MALBAC (Multiple 

Annealing and Looping–Based Amplification Cycles) (32) and LIANTI (33), each having 

its advantages and drawbacks. MDA is the most widely used method for WGA owing to 

its longer fragment length (up to 70 kbps), low error rate during amplification and higher 

fraction of the genome being amplified as compared to the other WGA methods (34). 

However, one of the major drawbacks of MDA is introduction of allelic imbalance where 

one allele is overrepresented than the other which can suppress the real signal and make an 

artifact indistinguishable from real mutation. Additionally, the phi29 polymerase used in 

MDA is sensitive to DNA breaks and doesn’t amplify the whole genome uniformly leading 

to difficulties in identifying somatic mutations in less amplified regions. In Chapter 2, I 
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discuss this issue in more detail and introduce a method that can identify the amplification 

quality using a low coverage data prior to sending the samples for high coverage 

sequencing, hence reducing the cost of sequencing and bioinformatics efforts. 

Another challenge using single cell sequencing is detecting high frequency mutations that 

are present at a higher proportion in the bulk sample. As discussed earlier, to call somatic 

mutations in a single cell we need the corresponding bulk tissue data to be able to 

differentiate between somatic and germline mutations. In order to do so, a common practice 

is to use somatic mutations caller such as Mutect (35) or Strelka (36) which takes the bulk 

data and the single cell data as input, and for each mutation in the single cell, check if that 

specific mutation is present in the bulk. If it’s present in the bulk, the mutation is not 

considered a somatic mutation call. However, if there are cells (carrying somatic 

mutations) present at a higher percentage in the bulk and the single cell being compared is 

from that specific clone, the somatic mutations will never be called by this method. All the 

somatic mutations will be deemed as germline since the callers will see their presence in 

the bulk. The problem can get exacerbated if the single cells are amplified by MDA. There 

are single cell callers that correct amplification bias within local genomic regions (37) or 

use heterozygous bulk SNPs to create an allelic balance model to correct for allele 

imbalance in MDA amplified cells (38). Even though these callers reduce the noise 

introduced by MDA, the noise persists making detection of high frequency mosaic 

mutations challenging. In Chapter 3, I discuss a method which uses a comprehensive all to 

all comparison of single cells without the need of a bulk sample to identify high frequency 

somatic mutations both from clonally amplified and MDA amplified single cells. 
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2.1 RATIONALE 

MDA is an exponential amplification method where the DNA is amplified using a 

high fidelity phi29 polymerase with proofreading activity under isothermal conditions (30). 

However, phi29 polymerase is sensitive to template fragmentation happening during cell 

lysis as well as presence of blocking sites where DNA damage prevents amplification. This 

may lead to uneven coverage, over-fragmented or completely damaged DNA, which may 

further lead to allelic imbalance when one of the alleles is under-amplified and the other 

allele is over-amplified. Even though MDA results in high yield of DNA material, 

introduction of biases such as allelic imbalance and over representation of C to T mutation 

introduced during lysis can affect the variant detection downstream.  

Before moving forward with high coverage Whole Genome Sequencing (WGS), it 

is important to select cells with successful amplification, exhibiting little or no biases. 

Uneven amplification, with the ultimate manifestation of allelic dropouts (i.e., random, and 

drastic overrepresenting of one allele over the other), challenges separating false positives 

from real somatic variants. For example, deamination of cytosine happening during cell 

lysis on one strand of one allele are expected to have 25% allele frequency in a balanced 

amplification and based on that, can be marked as artifact. However, if the other non-

deaminated allele is not amplified, the allele frequency for the artifact will become 50%, 

making it indistinguishable from a heterozygous variant. So, using a cell with high allele 

drop-out rate will result in more false positives and reduce sensitivity, as variants in 

dropped out regions cannot be discovered.  
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PCR can be used as a first quality control to test the presence of several random 

genomic loci, usually chosen on different chromosomes, in the amplified DNA. Multiplex-

PCR of 4 loci in one PCR reaction can for instance be used as a rapid quality control where 

cells are considered to have good quality amplification if at least 3 loci are detected(39). 

However, this test is quite limited as there might be regions outside of the 4 loci with un-

uniform amplification. Similarly, failing the test doesn’t imply low amplification quality 

outside of the 4 loci. It is therefore essential to look at the genome as a whole. A few 

methods for checking amplification quality in silico from WGS data were proposed. 

Statistical models have been used to detect amplification bias using depth of sequence(40). 

Amplification quality prior to sequencing has also been determined by using power spectral 

density to estimate uniformity of amplification which can be otherwise masked by non-

unique read mapping, assembly gaps and locus dropouts (both alleles are not 

amplified)(41), and median absolute difference (MAPD) (42). However, these methods 

either rely on at least 20X-30X coverage or do not evaluate allelic imbalance, which is 

important to access to have full coverage of all haplotypes in a cell.  

Here, we describe a method to determine the extent of allelic imbalance introduced 

by MDA into the amplified DNA using shallow (<1X) sequencing coverage. The method 

is based on considering allele frequency distribution of the heterozygous SNPs, which, for 

diploid genome, should have a Gaussian distribution centered around 50%. In case of a 

non-uniform amplification, the distribution of most of the SNPs will support 

homozygosity, suggesting high rate of allelic dropouts during amplification.  

2.2 TESTING AND VALIDATION 
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Each single cell sequencing experiment can involve hundreds of single cells. After WGA, 

not all cells are amplified uniformly owing to the allelic imbalance described earlier. 

Allelic imbalance can be checked from the VAF of heterozygous SNPs (HETs) in the cell. 

When sequencing in bulk, the VAF distribution of HETs should be centered at 50% and be 

bell-shaped (Fig. 1-1A). For a balanced single cell amplification, the distribution should 

follow the same shape, but can have wide dispersion. For an unbalanced amplification the 

distribution will not be bell-shaped, and one allele will be drastically overrepresented over 

the other one.  

At shallow coverage, most SNPs will either have just a few or no reads supporting them, 

making assessment of amplification quality impossible (Fig. 1-2). Therefore, the 

underlying idea of the method is to judge the quality of amplification based on VAF of 

multiple consecutive HETs from the same haplotype, rather than on individuals HETs. This 

however requires that HETs are phased to haplotypes. When HETs from the same 

haplotype are combined, it allows reaching per unit read counts that are comparable to 

those for individuals HET at high sequencing coverage (Fig. 1-1B). Furthermore, it is 

important to note that the implicit assumption is that multiple consecutive SNPs are 

amplified together. For MDA, which is known to have around 50 - 70 kb amplified 

fragments (30), it is a valid assumption.  

Our QC workflow proceeds as follows (Fig. 1-1B). First, we determine HETs from a bulk 

sample sequenced at high coverage. These SNPs are then phased into maternal and paternal 

haplotypes using the SHAPEIT2 method (43, 44), which has been shown to be the most 

accurate method for phasing sets of known genotypes (45). Multiple consecutive HETS are 
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merged to form a SNP unit. The number of SNPs in the SNP unit is determined by the 

coverage of the cell. For a high coverage data (~30X) with 100bp reads, we use each 

heterozygous SNP for calculating VAF across the genome. Proportionally, for coverage of 

0.3X with 100 bp reads, the number of SNPs to be used in a SNP unit is 100 (30X divided 

by 0.30X). The number of SNPs in a SNP unit is inversely proportional to the coverage. 

The reads supporting SNPs within the SNP unit from only one haplotype are used to 

calculate the allele frequency over that SNP unit. An allele frequency plot is then generated 

using all the SNP units similar to how it is done for VAF distribution of individual HETs 

at high coverage.  

The described approach was implemented in a modular pipeline written in python. The 

pipeline consists of three scripts and each script can be run independent of each other if the 

user has the required input file (Fig. 1-3). Script-1 takes a VCF file from the bulk sample 

(the germline SNPs can be called either using sequencing or any other genotyping 

methods), subsets it into SNPs present in the catalogues of germline variants provided by 

the 1000 Genomes Project (46), followed by phasing the SNPs using SHAPEIT2, and 

provides a phased VCF file. Script-2 uses the phased VCF and the low coverage bam file 

from the single cell to generate allele frequency over all SNPs. Script-2 can be used 

independently of Script-1, which allows users to use phasing tools other than SHAPEIT2 

as long as the input is in VCF format. Script-3 takes the allele frequency of the SNPs from 

Script-2 and the phased VCF from Script-1 (or user specified phased VCF) to generate the 

allele frequency plot and ranks cells using only one of the parental haplotypes. The SNP 

unit is automatically calculated and applied by default using the equation mentioned earlier. 
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It must be noted that, for coverage lower than 0.3 X, the number of SNP in a SNP unit 

increases beyond a single MDA amplified fragment and can lead to averaging of multiple 

amplified fragments. In case of very low coverage, this may lead to a poorly amplified cell 

being represented as a good cell (Fig. 1-4). For this reason, we also provide an option where 

the user can override this with their own SNP unit. The result of the final script is a plot 

showing the distribution of the SNP units allele frequency (Fig. 1-3).  

 To test our method, we did shallow sequencing on human iPSC-derived single 

neuronal cell which were amplified using MDA. Cellular DNA was sequenced at various 

read coverages (0.11 to 0.38) and data were then processed through Scellector. SNP unit 

size was determined for each cell based on read coverage. Based on the obtained VAF 

distribution and allelic dropout rate, we ranked single cells as having good, moderate, and 

bad amplifications. Cells with standard deviation less than 0.26 were considered as 

uniformly amplified (good) cells and cells with standard deviation between 0.26 and 0.35 

were considered moderate cells (Fig. 1-5). Bad cell with standard deviation higher than 

0.35 were used as negative control. Out of 14 single cells with shallow sequencing we 

picked 2 good cells, 5 moderately good cells, 1 bad cell as a negative control and 1 cell 

(i.e., B01) for which amplification quality could not be determined due to too shallow 

(0.11X). The selected 8 cells were then re-sequenced at high coverage (at least 30X) using 

DNBseq platform and their amplification quality was assessed through VAF distribution 

for individual HETs.  

We saw a good concordance between shallow and deep coverage indicating that our 

method can accurately estimate the effects of non-uniform amplification from shallow 
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sequencing data (Fig. 1-3A). We noticed that the standard deviation was slightly higher in 

the deep coverage data. We reasoned that this is because SNP units can span more than one 

MDA amplified fragments (of typical size of 50-70 kbp), which averages the amplification 

bias making it seem less to that of high coverage data. Using Spearman correlation, we 

estimated the concordance between high and low coverage data for the same cells to be 

0.92 (Fig. 1-3B). We also found similar high correlations using allelic dropout rate only 

and additive effects of standard deviation and allelic drop out. Above mentioned cell B01, 

which was excluded due to low coverage also turned out to be well amplified (Fig. 1-6). 

2.3 USAGE GUIDELINES 

Bias in amplification may result not only in allelic imbalance but also in non-uniform 

coverage across genome.  We found that the quality of amplification measured using our 

method correlates with coverage uniformity (Fig. 1-7) and more balanced amplification 

likely to result in more reliable CNV calls (Fig. 1-8). Furthermore, there is an increase in 

percent of not covered bases as the standard deviation and allelic dropout rate increases 

(Fig. 1-9). Additionally, our analysis suggests that our method is more sensitive than 

pairwise bin comparison approach like MAPD (Fig. 1-10). Finally, allelic imbalance is 

independent of combination of nucleotide substitution in SNPs (Fig. 1-11). Therefore, we 

suggest haplotype imbalance as a universal indicator of biased amplification. 

Currently, VAF distribution of HETs from bulk is the target that none of single cell 

amplification methods can achieve. We also note that there exists no clear standard about 

what is good and what is bad amplification. To address this issue, we take an empirical 

approach by considering amplification quality of single cell from different independent 
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studies, including our own, Lodato et al (23) and Sanchez-Luque et al (47) data.  From 

these studies the consensus emerges that standard deviation of ~0.27 with allelic dropouts 

of less than 10-15 % indicate the best currently achievable amplification (Fig. 1-12). As 

discussed above, using SNP units large than typical length of amplified fragments leads to 

averaging amplification bias and we therefore recommend using for QC coverage of ~0.3X 

or higher. Using these guidelines, we estimated that study of single cell genomes can save 

a significant amount of funds on sequencing (Fig. 1-13) 

2.4 METHODS 

Cell samples origin and genome amplification 

Single cell DNA used here for validation of Scellector originated from induced pluripotent 

stem cell -derived human neurons cultivated in-vitro and harvested by FACS before 

conservation at -80°C. Amplification using MDA were obtained through Accusomatic 

service (SingulOmics), which consisted of a custom cold lysis preliminary step followed 

by amplification with REPLI-g kit (Qiagen) and DNA purification with AMPure XP-beads 

kit (Beckman Coulter). To be selected for sequencing, amplification samples were selected 

based on total yield (above 5µg) and 4-loci PCR test(39). 

Bulk DNA sample of induced pluripotent stem cell was used as a reference genome. DNA 

was purified through DNeasy Blood & Tissue kit (Qiagen) before sequencing at high 

coverage.  

Sequencing 

The low coverage sequencing was conducted at Yale Stem Cell Center Genomics Core 

facility. The library preparation was done using Nextera XT (DNA library kit, Illumina) 
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and the samples were pooled together to be sequenced on Hiseq4000 (2x100bp) at low 

coverage per sample (0.1X to 0.4X). For the high coverage sequencing (requested coverage 

above 30X) of bulk and validated amplified DNA, the library preparation and sequencing 

(DNBseq) were conducted by the BGI sequencing company (China).  

Data analysis 

The bulk sample, shallow and high coverage samples were analyzed using the same 

pipeline. We started with raw fastq files which were aligned to the GRCh37 human 

reference genome using BWA mem version 0.7.10(48), the bam files were then realigned 

and recalibrated using GATK 3.6. The germline variant calling for the bulk sample was 

performed using GATK haplotype caller version 3.6(49). The resulting bam files and vcf 

file were analyzed using Scellector. 
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FIGURES AND FIGURE LEGENDS 
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Figure 1-1. Concept and workflow of the approach. A) VAF distribution of HETs at 30X 

sequencing coverage in three cases: Bulk sample, uniformly amplified cell, and un-

uniformly amplified cell. The distribution from bulk shows a peak around 50%, which is 

expected. Then we have a single cell sequenced at 30X with good amplification. The allele 

frequency plot still has a peak around 50%, but not as sharp as the bulk sample. The last 

example is a single cell also sequenced at 30X but with non-uniform amplification. B) 

Conceptual description of the approach. First, SNPs are phased. The reads supporting the 

SNPs are divided into two haplotypes, named maternal and paternal, although the exact 

origin of each haplotype is unknowns. With less than 1 read supporting each SNP (coverage 

<1X), multiple SNPs are merged to form a SNP unit. Reads supporting SNPs within the 

SNP unit from only one haplotype are used to calculate the allele frequency over that SNP 

unit. The allele frequency plot for high coverage data closely resembles the one from 

shallow coverage data. 
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Figure 1-2. Low coverage VAF distribution for cells with good and poor amplification. C1 

and C2 are the well amplified and poorly amplified cell respectively from Figure 1. Without 

using binning and phasing of SNPs, it is impossible to distinguish amplification quality of 

these cells. 
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Figure 1-3. Flowchart of method implementation. Script 1 through 3 should be executed in 

sequence, however, they are independent of each other and as long as the input are correct, 

user can start with any script. The final Script-3 produces a VAF plot for each sample. Two 

examples of uniformly (on the left) and un-uniform (on the right) amplified cells are shown. 
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Figure 1-4. Impact of large SNP unit on VAF plots. When the coverage gets lower, the size 

of the SNP unit gets higher. Cells with very low coverage such as F01, can exhibit 

properties of uniform amplified cell even though they might be poorly amplified. We took 

B10 (with bad amplification) and down-sampled it (B10_ds) to match the coverage of F01, 

to demonstrate that, using very low coverage data is not ideal to determine amplification 

quality. 
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Figure 1-5. Selection of cells for high coverage sequencing. The figure shows VAF 

distribution of phased SNP units from shallow sequencing for amplified cells. All cells 

with good (B02 and B09; green squares) and moderate (yellow squares) amplification were 

selected. One cell with bad amplification (B10; red square) was selected as a negative 

control. Additionally, we select cell B01 (blue square) with too shallow coverage of 0.11X. 
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Figure 1-6. Cell B01 has good amplification quality from high coverage.  
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Figure 1-7. Validation of Scellector using 9 cells subjected to shallow sequencing by high 

coverage sequencing. A) Side by side comparison of the allele frequency plots from 

shallow coverage and high coverage. B) Scatter plot showing high correlation between the 

shallow and high coverage. Three comparison using allele dropout, standard deviation and 

a combination of standard deviation and allele dropout (AD) show similar results. 
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Figure 1-8. Read depth distribution across genome for cells with good (B09) and bad (B10) 

amplification. B09 has a tight read depth distribution as compared to unevenly amplified 

B10. Uneven coverage in B10 will likely affect CNV calling by reducing sensitivity and 

leading to false positive calls. 
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Figure 1-9. Relation between rate of coverage distribution and variant allele frequency 

plots for each cell with high coverage data. A) The shape of coverage distribution corelates 

with amplification quality (standard deviation and allelic dropout rate). B) The combined 

value of standard deviation and allele dropout rate correlates with number of bases not 

covered in a cell.   
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Figure 1-10. Comparing QC approach by Scellector and by MAPD for shallow coverage 

data. A) MAPD score was able to differentiate between the best amplified cell and the 

worst amplified cell as we see a wider dispersion of the pairwise bin difference for B10 

compared to B09. However, the dispersion of cell B03 and B11 are similar and their MAPD 

scores are also very similar. B) Scellector unambiguously indicates that amplification 

quality of cell B11 is much better than that for cell B03 and B13 (highlighted scores in the 

table). The VAF plot also shows an apparent difference between the two cells. Lastly, 

Scellector reports B03 to be more similar to B13 (MAPD shows B03 to be similar to B11 

than B13 in (A)) and the coverage plot clearly shows the coverage profile of B13 is more 

similar to B03, indicating our method is more sensitive than MAPD. 
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Figure 1-11. Imbalance of amplification is not related to base type. Histogram of variant 

allele frequency broken down by six mutation types. All mutation types are evenly 

distributed in the respective variant allele frequency bins. 
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Figure 1-12. VAF plots for cells with best amplification quality across different MDA 

methods. Comparing our data with data from “Lodata et al, 2015 PMID:2643012” and 

“Sanchez-Luque et al,2019 PMID:31230816 ” we see the standard deviation and allele 

drop out for well amplified cells being similar. 
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Figure 1-13. Estimated cost saving for amplification QC with shallow sequencing. Here 

we show the cost savings, if low coverage is being performed at 1X and high coverage at 

30X. With WGA efficiency being fraction of well amplified cells, the cost saving increase 

with decrease in WGA efficiency.  
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2.1 RATIONALE: 

For detection of mosaic mutations in single cells, the most frequently used approach is to 

compare single cell genomes to that of a matched reference bulk. While this approach 

works well to find private mutations in a cell, it misses mutations that are present at higher 

frequency, and consequently present in multiple cells in the reference bulk. It also requires 

one to have bulk data which might not be always available. Here we present a tool called 

All2 (pronounced ‘all square’) which detects mosaic mutations without the need for a 

reference bulk by relying on comprehensive cell-to-cell comparisons. By consolidating 

information from all comparisons, every call is categorized as either a germline variant, 

mosaic mutation or noise/false positive. 

2.2 CONCEPT 

All2 is an easy-to-use tool which extends and implements an algorithm initially proposed 

in Bae et al. 2018 (50). All2 takes mutation calls from all pair-wise comparisons of N cells 

in the study and, for every non-redundant call, creates a NxN pairwise binary matrix 

corresponding to comparing different pairs of cells, where 1 corresponds to a call and 0 to 

no call. Patterns of values in the matrix are used to determine whether a call is a mosaic 

mutation, germline variant or false positive (Fig. 2-1A-D). In theory, the presence of these 

patterns should be sufficient to make the determination, however, real data has noise, 

smearing the patterns (Fig. 2-2).  

For effective categorization, we developed a scoring system which reflects how likely it is 

for a call to be a mosaic mutation or a germline variant. The tool calculates two scores: a 

germline score and a mosaic score, each within a range between 0 and 1. A real mosaic 
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variant could only be discovered when comparing a cell carrying the variant and a cell not 

carrying the same variant. The number of times a call for a variant shows up in the matrix 

is determined by 

𝑛 = 𝑓(1 − 𝑓)𝑁2, 

 

where n is the number of times a variant is seen in all comparison, f is fraction of cells 

carrying the variant, N is the total number of cells. By solving the above quadratic equation, 

we get two solutions: 

 

𝑓𝑚 ≈ 0.5 − √0.25 − 𝑛 𝑁2⁄   and  𝑓𝑔 ≈ 0.5 + √0.25 − 𝑛 𝑁2⁄    

 

Since the mosaic mutations are typically present in a small fraction of cells in the bulk, and 

germline variants are present in (almost) all the cells, we conditionally call 𝑓𝑚 as frequency 

of a mosaic mutation and 𝑓𝑔 as frequency of a germline variant. Note, a germline variant 

can be lost or undetected in some cells, and that is why its cell frequency in a bulk may be 

below 1. 

 Since 𝑓𝑚 = 1 − 𝑓𝑔, we can just use one equation, such as 𝑓 = 𝑓𝑚, where 𝑓 is the 

fraction of cells with mosaic mutation or the fraction of cells without germline variant. 

Now, we can calculate the number of cells 𝑁′ carrying the mosaic mutation or the number 

of cells not carrying germline variant as 𝑁′ ≈ 𝑓𝑁. In case of a true mosaic mutation, the 

corresponding calls are arranged in rows in the matrix (Fig. 2-1B), and would sum up to 
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𝑛𝑚 = ∑ 𝑛𝑟𝑖

𝑁′

𝑖=1

, 

 

where 𝑛𝑟𝑖 is the number of calls for the variant in a row corresponding to the ith cell. From 

the data, the best estimate of 𝑛𝑚 is the maximum from all possible subset of N’ cells from 

N (Fig. 2-3 and 2-4). Similarly, for a germline variant, corresponding calls are arranged in 

columns (Fig. 2-1C), and would sum up to  

 

𝑛𝑔 = ∑ 𝑛𝑐𝑖 ,

𝑁′

𝑖=1

 

 

where 𝑛𝑐𝑖 is the number of calls for the variant in a column corresponding to ith cell. And 

best estimate of 𝑛𝑔 is the maximum from all possible subset of 𝑁′ cells from N (Fig. 2-3 

and 2-4). The mosaic and germline scores are then defined as  

 

𝑀𝑜𝑠𝑎𝑖𝑐 𝑆𝑐𝑜𝑟𝑒 = max (𝑛𝑚) 𝑛⁄  

𝐺𝑒𝑟𝑚𝑙𝑖𝑛𝑒 𝑆𝑐𝑜𝑟𝑒 = max (𝑛g) 𝑛⁄  

 

A call having a high mosaic score and low germline score is defined as a mosaic mutation. 

Similarly, a call with high germline score and low mosaic score is defined as a germline 

score. When a call has both high germline and mosaic scores, we define it as a high 
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frequency mosaic mutation. Such mutations are likely present at a higher fraction of cells 

in a tissue. For example, such mutations could occur during early development and be 

present in a high fraction of cells across tissues in the human body (51). The distribution 

of mutations (as dots) on a plane with axes corresponding to the two scores can be used to 

divide the calls into mosaic mutations, germline variants, noise or false positive (low 

mosaic and low germline score) and high frequency mosaic mutations (high mosaic and 

high germline score) (Fig. 2-1E). 

2.3 IMPLEMENTATION AND USAGE 

Genomes of all pairs of cells need to be compared prior to using All2. Variant calls can be 

made by a caller of choice (see Methods). All2 is written in python and has three 

commands: ‘score’, ‘call’, and ‘matrix’. The first command takes a manifest file with 

names of single cells, along with the VCF file containing calls (SNVs and INDELs) as 

rows. Case and control fields in the manifest file are used to define the directions of 

pairwise comparisons, where the case is compared to control. A user can optionally provide 

a BED file with the inclusion list of genomic regions where to apply the filtering. The 

output of this command is a file with mosaic and germline scores for each of the calls as 

well as density scatter plot of the scores showing distribution of calls based on their scores 

(Fig. 2-5A). The second command relies on the output of the ‘score’ command and 

annotates the calls as mosaic mutation, germline variant, noise, or high frequency mosaic 

mutations based on default or user specified score cut-offs. This command also annotates 

the density scatter plot (Fig. 2-1E), provides a file with annotated calls for each cell, per 

category plots of call counts, per sample plots of call counts, VAF (variant allele frequency) 
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plot, and mutation spectrum plots (Fig. 2-5B-D). The third command plots a matrix of 

pairwise comparison for one or multiple calls. The plots also display calculated scores 

along with VAF for the call(s) in each cell (Fig. 2-6). Analogous to SNVs and indels, All2 

is capable of filtering structural variant (SV) calls using commands ‘score_sv’, ‘call_sv’ 

and ‘matrix_sv’. Two SV calls are considered the same if they have at least 50% reciprocal 

overlap. For this purpose, the tool supports VCF file as input, e.g., VCFs generated by the 

SV caller MANTA (52, 53).  

 One implicit underlying assumption of the approach is that in each compared cell, 

the genome is covered/sequenced uniformly. This is true in case of the single cell cloning 

approach, however, single cell genome amplification may result in non-uniform coverage 

which, at the extreme, manifests in allelic dropouts (54). To handle this, we have 

implemented a dedicated allele dropout analysis (ADA) mode, which considers allele 

dropout regions when calculating the scores, thereby reducing the noise. The ADA mode 

can also be used for running All2 on exome data where the exome capture region can be 

specified per cell in the manifest file. More details of the command and description of the 

results can be found on the dedicated GitHub page https://github.com/abyzovlab/All2. 

2.4 APPLICATION TO RECONSTRUCTING CELL LINEAGE TREE 

To demonstrate the uniqueness of All2 approach, we applied it to reconstruct post-zygotic 

cell divisions in a living individual. Analysis of developmental cell lineages is one of the 

central questions in developmental biology, resolving which can shed light on the etiology 

of developmental diseases. Unlike model organisms, lineage tracing in humans can only 

be done retrospectively using naturally occurring somatic variants that serve as permanent 

https://github.com/abyzovlab/All2
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marks of the lineages. Mutations that occur during early development are present in a high 

fraction of cells across tissues in the human body, and their discovery is challenging for 

existing methods. 

In the analyzed individual, we compared mosaic variant discovery using three approaches: 

1) by analysis of bulk blood and saliva; 2) by pairwise comparison of 25 clonal iPSC lines 

(representing 25 fibroblast single cells) with the bulk blood; and 3) by comparing the clonal 

lines followed by application of All2. To reconstruct the lineage tree, we selected mosaic 

variants shared by clones or by multiple bulk tissues (51) (Fig. 2-7). Analysis of bulks 

alone allowed discovering only high frequency mutations but not all. For example, 

mutations a, b, and c defining branches of the first zygotic cleavage (Fig. 2-7B) could not 

be discovered because of resembling germline variants by frequency of occurrence in the 

bulks (i.e., in 80% to 90% of cells). Pairwise comparisons between clones and bulk tissues 

are powered to find mutations present in the analyzed cell and at low frequency (typically 

<1% VAF) in bulks but missed high frequency mutations. Remarkably, the All2 approach 

was able to call both high and low frequency mutations resulting in the most complete 

lineage tree – a tree that cannot be reconstructed even if we combine comparisons of clones 

relative to bulk tissues and analysis of bulks. 

In this comparison we utilized data from bulk blood and saliva as these samples are easier 

and cost-effective, as compared to bulks of fibroblasts, to collect for an individual. Also, 

blood and saliva are made up of multiple early developmental cell lineages (51), while 

fibroblasts from a biopsy can be dominated by just a few  lineages (55). So, samples from 

fibroblasts can only have a fraction of early mosaic mutations. Our additional analysis of 
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65 SNVs in the tree using high coverage data suggests that using any of the bulk samples 

(saliva, blood, or fibroblasts) does not outperform ALL2 for lineage tree construction 

(Table 2-1). 

The advantage of calling mosaic mutations in bulk is that it allows discovering mutations 

with intermediate VAF (between 1% to 10%), which were not sampled by the 25 analyzed 

clones and consequently, not discovered by All2. Increasing the number of analyzed clones 

will likely increase the overlap in discovered mutations between those two approaches but 

would also increase experimental cost. Thus, this observation suggests complementarity in 

analyzing clones/single cells and bulks for lineage reconstruction. 

2.5 ALLELE DROPOUT MODE FOR WHOLE GENOME AMPLIFIED SINGLE 

CELLS 

Using clones as gold standard, we applied All2 in Allele Dropout Analysis (ADA) mode 

(see Methods) to MDA amplified single cells, to demonstrate the effectiveness of this mode 

to filter out spurious calls originating from biases in the amplification process. MDA uses 

Phi29 polymerase under isothermal condition, which results in an exponential DNA 

amplification. The exponential amplification leads to uneven coverage and over 

representation of one allele over the other (allele imbalance). In extreme, a locus can have 

only one allele amplified and germline variants on the unamplified locus will be lost. ADA 

mode is designed to address this issue. In ADA mode, All2 takes a list of genomic regions 

(in BED format) where no allele dropout is observed (see Methods). Using this, for each 

call, All2 excludes from the score calculation those cells where a call is not made, and the 

surrounding region has allele dropout. This exclusion may change the number of 
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considered cells and pairwise comparisons, which eventually affects the mosaic and 

germline scores.  

We called mosaic mutations in 11 clones (representing 11 brain progenitor cells) derived 

from a human fetal brain (specimen 316) (50), as well as in an MDA amplified single cell 

taken from one of the clones. Just adding the single MDA-amplified cell into the analysis, 

more than doubled the count of high frequency mosaic mutation (Fig. 2-8A, B). Next, we 

applied a single cell specialized caller SCOUT (56). We observed that it reduced the effect 

of MDA amplification artifacts; 47% reduction in high frequency calls and 33% reduction 

in call in the single cell (Fig. 2-8C). Further application of the ADA mode resulted in 

calling all but one (28 vs 29) high frequency mosaic calls and further 11% reduction in 

mosaic calls in the single cell (Fig. 2-8D). Additionally, there was a 69% reduction in the 

germline variants after applying ADA. These variants, falsely called as homozygous 

reference due to allele dropout in the single cell, are effectively filtered by the ADA mode. 

Mutation counts per clone (Fig. 2-8D) were also similar to those found when analyzing 

only clones (Fig. 2-8A). This comparison yields evidence that even though the number of 

mutations called in the single cell is high, by applying ADA mode, we were able to reduce 

the number of likely false calls introduced by single cell amplification by half, without 

compromising the mutation calls from clones not affected by allele dropout. ADA mode is 

also effective in reducing false positive calls when using data for cells with low (i.e., highly 

non-uniform) amplification quality, however, that can come with the tradeoff of filtering 

likely true mosaic mutations (Fig. 2-9). 

2.6 RUNTIME 
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Runtime depends on the number of cells in the study and the variant caller used (since 

some variant callers will output higher number of calls than others). For the first example 

with 25 iPSC lines (Fig. 2-7B), application of All2 using 8 GB memory on a 2.4 GHz dual-

core processor took less than 15 minutes for the ‘score’ module and less than 10 minutes 

for the ‘call’ module to compute mutation annotation and plot the mutation count and VAF 

plots. For the second example with 11 clones and one single cell (Fig. 2-8), application of 

All2 in ADA mode took less than 90 minutes to complete the ‘score’ module and less than 

20 minutes for the ‘call’ module. In this case, the runtime is longer because of the longer 

list of variant candidates from the single cell. 

2.7 METHODS 

iPSC line generation 

The iPSC lines were derived from fibroblasts using the Epi5 Episomal iPSC 

Reprogramming Kit (Invitrogen catalog A15960) delivering the five reprogramming 

factors Oct4, Sox2, Klf4, L-Myc, and Lin28. The iPSC lines were propagated using 

mTeSR1 media (Stem Cell Technologies) on 1X Matrigel-coated dishes (Matrigel). 

Genomic DNA was extracted at passage six, using QIamp DNA Minikit (Qiagen) 

following the manufacturer instructions.  

Saliva collection and DNA extraction 

Saliva DNA was collected and purified using the Oragene-Discover kit (DNA Genotek) 

following the manufacturer instructions. Saliva DNA was extracted using DNeasy Blood 

and Tissue kit (Qiagen) with the following modifications: 5 ml AL-buffer and 200 µl 

Proteinase K were added to saliva and incubated at 56°C for 30 minutes. RNA was digested 
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using 20µl RNAse A (Qiagen) for 5 minutes and DNA was extracted using 4 extraction 

columns in parallel to optimize the yield.  

Blood collection and DNA extraction 

10-15 ml of blood was collected using BD Vacutainer ACD tubes. DNA was extracted 

using the Gentra Puregene Blood Kit (Qiagen) following standard manufacturer protocols.  

Whole genome sequencing (WGS)  

DNA extracted from iPSC lines were sequenced at 30X, while DNA extracted from saliva 

and blood was sequenced at 200X. All sequencing was conducted at BGI using with 2x100 

bp paired reads. The sequencing library preparation was PCR-free.  

Fetal brain tissue and MDA 

Collection of fetal brain tissues for subject 316, derivation of clonal neurosphere lines and 

sequencing has been previously described (50). Single cells from a clonal neurosphere line 

were manually picked using a micropipette under an inverted microscope. Whole genome 

amplification was performed by multiple displacement amplification (MDA) using the 

REPLI-g Single Cell Kit (QIAGEN) following the manufacturer recommendations. 

Genomic DNA was extracted using the DNeasy Blood & Tissue Kit (QIAGEN). Multiplex 

PCR for four arbitrary loci from different chromosomes was used to exclude single cells if 

less than four loci were amplified (39). Five out of eight single cells (62.5%) passed the 4-

locus multiplex PCR quality control and were selected for sequencing. Illumina Truseq 

DNA PCR-free libraries were prepared for the five cells and sequenced on a HiSeq X 

(2X150 bp) at 30X coverage.  

Allele dropout analysis mode 
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We started with raw FASTQ files which were aligned to the GRCh37 human reference 

genome using BWA mem version 0.7.10 (48) , the BAM files were then realigned and 

recalibrated using GATK 3.6 (49). The clones and the single cells were compared to each 

other using Mutect2 (35), Strelka2 (36) and SCOUT (56). For the clones, mutations called 

by both Mutect2 (35) and Strelka2 (36) with depth of 10 or more reads as well as a PASS 

value by both callers were used as input to All2. For the single cells, mutations called by 

Mutect2 (35), Strelka2 (36) and SCOUT (56) with a depth of greater than 10 reads and a 

PASS value from all callers were used. All2 was run four times with four different settings 

as depicted in Fig. 2-7. Post All2, only mutations which had an allele frequency of 35% or 

more were considered, to further filter noise introduced during clone amplification, library 

preparation and sequencing. The allele dropout regions for single cells were calculated 

using CNVpytor(57), where the entire genome was divided into 5000 base pair bins. For 

each bin, a likelihood score was calculated using allele frequency of SNPs within the bin. 

Bins were marked as allele dropout if they satisfied both of the following conditions: i) at 

least one heterozygous SNP in the bin had VAF smaller than 0.01 or larger than 0.99 ii) 

the maximum likelihood VAF within the bin deviated from 0.5 by more than 0.1. 

Additionally, we marked as dropout neighboring bins of the bin satisfying the above 

conditions. For each mutation call, only cells with no call (or calls with VAF < 50%) and 

marked as having a drop out at the corresponding locus were excluded from calculation of 

score by All2 (Fig. 2-10). Single cell QC on the MDA amplified cells was performed using 

Scellector (54) and only one cell (cell5) passed QC (Fig. 2-1). 

Mutation calling for lineage analyses 
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The FASTQ files were processed the same way as the clones above. Calls were made using 

an allele frequency cut-off of 35% to remove mutations introduced during culturing clones. 

Additionally, only INDELs shorter than 10bp (most confident calls) were used. Pairwise 

comparison between bulk data and the clones were done using consensus calls between 

Mutect2 and Strelka2. Mutations with a depth greater than 10 reads, at least 2 alternate 

supporting reads, and PASS values from both callers were used. For the allele frequency 

plots (Fig. 2-7A&C), all mutations from All2, bulk, and pairwise comparison were used. 

For details, including calling mosaic mutation from bulk tissue and lineage tree 

construction, please refer to the method section of Fasching et al (51). 
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FIGURES AND FIGURE LEGENDS 

 

 

Fig 2-1. Conceptual overview of All2 approach and scoring. (A) A tissue/sample is made 

up of different cells (ovals) carrying various mosaic mutations (reflected by different 

colors). Post single cell clonal expansion, rare mosaic mutations (in red) can be easily 

detected by comparing the clone to the bulk tissue. However, frequent mutations (in blue) 

will be missed by this approach. (B-D) Each mutation in clone-to-clone (which is cell-to-

cell) comparison can be represented by a NxN matrix of pairwise clone comparisons, where 

each box represents the call between a clone in the row versus a clone in the column. (B) 

In case of a true mosaic mutation, the calls are arranged as rows in the matrix. The pattern 

in the matrix shows that the mutation is called in clone 2 and clone 5 when comparing them 

to other clones.  (C) In case of a germline variant, the calls are arranged in a column(s) in 

the matrix. The displayed pattern suggests that the mutation is present in all clones except 

clone 3. (D) The pattern has a sporadic distribution of calls in the pairwise matrix and does 

not suggest either mosaic mutations or germline variants. Such call is deemed as a false 

positive or noise. (E) Distribution of mosaic and germline scores for calls (the size of the 
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dot/circle corresponds to the number of calls with the same scores; the color represents 

number of calls depicted in the colorbar. The plot can be divided into four areas: mosaic 

mutations (light green area, where the mutations have high mosaic scores and low germline 

scores), germline variants (light blue area, where the mutations have high germline and 

low mosiac scores), high frequency mosaic mutations (light gray area, where calls have 

both high mosaic and high germline scores) and, lastly, noise or false positive calls (light 

red area). 
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Fig 2-2. Real data introduces noise/missing data that masks mutation type pattern. At the 

center is an example distribution of mosaic and germline scores for generated calls. Arrows 

show NxN pairwise binary matrices for select calls.  A) An ideal matrix for a germline 

variant. Calls for the variant are made in all but one cell. B) A matrix for a germline variant 

that is similar to example in A, however there are multiple cells for which call was not 

made. C) This call exhibits pattern that is a “combination” of patterns for germline variant 

and mosaic mutations. This call is thus a mosaic mutation that is present in high fraction 

cells and is missed when comparing cells to bulk. D) An ideal matrix for a mosaic mutation 

showing that the mutation is present in only one cell. E) An example of a matrix for a 
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mosaic mutation present in 3 cells. One cell exhibits an ideal pattern (i.e., a call is made 

when comparing to each other cell), but other two cells have missing calls. F) A noisy call 

with pattern not matching to either germline variant or mosaic mutation.  
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Fig 2-3. Example of calculating mosaic and germline scores for a mosaic variant.  
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Fig 2-4. Example of calculating mosaic and germline scores for a germline variant.  
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Fig 2-5. Plots generated by All2 ‘call’ command. A) Density scatter plot showing the 

distribution of calls by germline and mosaic scores. This gives the user an idea on what 

cut-off they may want to use when running the ‘call’ command. B) Counts of call by 

classified type (i.e., germline variant, mosaic mutation, or false positive/noise). Calls in the 

summary plot (left) are redundant, e.g., the same germline variant is counted as many times 

as it was called in various comparisons. Call in the per cell plot (right) are by definition are 

non-redundant. C) Example of variant allele frequency (VAFs) for calls classified by types: 
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germline variants, mosaic mutations and false positives/noise. D) Mutation spectra plots 

for mosaic mutations.  
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Fig 2-6. NxN pairwise binary matrices for an exemplar call. The plot is annotated with 

germline and mosaic scores and with variant allele frequencies of the call in each cell. 
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Fig 2-7. Calls from All2 enable reconstruction of high-resolution lineage tree. (A, C) 

Application of All2 to iPSC clones discovers more variants (cyan) than analysis of deeply 

sequenced bulk tissues (gray) or pairwise comparison of clonal lines and the bulk (orange). 

The approach also calls variants across entire VAF spectrum. Analysis of bulk may 

discover variants with intermediate VAF (1%-10%) which are not sampled in clones. For 

the displayed comparison, variants with at least two supporting reads in the bulks are 

considered for each discovery approach. (B) Lineage tree reconstructed from the analysis 

of 25 clones from an adult individual. Variants discovered from either bulks (gray) or from 

pairwise (orange) comparisons provide limited information as compared to All2, which is 

the most comprehensive. Multiple branches in the lineage tree can be traced when using 

additional variants (cyan) discovered by applying only the All2 approach, which is also 
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reflected in the Venn diagram. SNVs found only in the bulk tissues are marked with 

asterisks and define putative branch not sampled by clones. INDELs are colored in red and 

SNVs are colored in black. The percentage values next to branches denote the average 

fraction of the cells in bulks carrying the mutations. Clone names are shown on the right. 
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Fig 2-8. All2 in ADA mode reduces false positive calls from allele dropout in MDA. (A) 

Score distribution when applying All2 to 11 clones derived from single brain progenitor 

cells. There are 29 calls for high frequency (gray area) and 2548 calls for low frequency 

(green area) mosaic mutations. The ‘C’ points to mosaic calls in the clones). (B) Adding 

one MDA amplified cell to the analysis results in double the number of calls for high 

frequency mosaic mutations. Noise also increases. The ‘S’ points to the calls coming from 

the single cell.  (C) Application of a specialized single cell caller SCOUT on the single cell 

partially mitigates issues with calling, i.e., reduces the noise and the number of mosaic 

calls. (D) Applying the ADA mode results in almost the same set of high frequency mosaic 

mutations. The mode also reduced calls for mosaic mutations in single cell without 

affecting calls in the clones. The color (and size) of the circles corresponds to the number 

of mutations sharing the same scores as depicted in the colorbar. The mosaic mutations are 

represented by the light green area, germline muations are represented in light blue area, 

high frequency mosaic mutations are represented in the light gray area and noise is 

represented by the light red area.  
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Fig 2-9: All2 in ADA mode including 3 single cells (cell1, cell3, and cell5). Plots shown 

here are like those in Figure 3 and display results of mutations calling with addition of two 

single cells. Due to the low quality of the added single cells, the amount of noise increased 

6-fold. Additionally, likely real mutations (both from clones and single cell5) were filtered 

out (see panel D).  
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Fig 2-10. Regions with allelic dropout for single cell. Upper panel: cross genome 

percentage of 5 Mbp bins marked as allele drop-outs. Bottom panel: the distribution of 

allele frequency for heterozygous variants in all and non alle drop-outs bins. 
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Fig 2-11. Allele frequency distribution of heterozygous germline variants in 5 MDA-

amplified cells. Cell5 was selected for further analysis owing to its most uniform 

amplification and lower allele drop out as compared to the other cells. 
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Table 2-1. Fraction of mosaic mutations (SNVs) missed using different tissue types. From 

capture sequencing of 65 SNVs from the lineage tree (Figure 2B), we only considered the 

one with coverage of 200X or higher. SNVs with VAF greater than 4% and less than 35% 

represents mutations that can be derived from bulk whereas SNVs which VAF less than 

1% can be derived from bulk to single cell paired comparison. By subtracting the number 

of SNVs that can be found by bulk analyses and paired analyses from the number of “SNVs 

with coverage > 200X” we can calculate the fraction of missed SNVs. The column “Missed 

(As Fraction)” shows that LA1, LT and RT have comparable missed SNVs with blood and 

saliva, whereas in LA2, RA1 and RA2, half of the SNVs are being missed. These results 

suggest that using any of the bulk samples does not outperform ALL2 for lineage tree 

construction.  
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CHAPTER 4 – Conclusion 
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4.1 SUMMARY 

Single cell omics experiments are becoming increasingly crucial for mapping cell 

heterogeneity in tissues and organs from many different perspectives, from transcriptomics 

and DNA variations to epigenomic such as chromatin accessibility (i.e., scATAC-seq). 

Single cell sequencing experiments can be very costly, and it is important to optimize the 

sequencing cost by choosing cells which have been amplified uniformly over the whole 

genome. We have developed a tool Scellector (discussed in Chapter-2) which implements 

a method to detect amplification quality from shallow coverage data (<1X) and prioritizes 

well amplified cells for high coverage sequencing. With the advent of single cell DNA 

sequencing from companies like Chromium Single Cell CNV profiling solutions (10X 

Genomics), which uses an isothermal amplification protocol similar to MDA, we believe 

that our tool can be extended to estimate uniformity of amplification from these platforms. 

This platform can profile hundred to thousand cells in a single sample to detect copy 

number variation and provide information on genomic heterogeneity as well as clonal 

evolution. Not all cells will have uniform amplification and Scellector can be used to detect 

and remove low quality cells, which will make the downstream analyses of CNV detection 

more robust. Scellector is an open-source tool and source code can be found at 

https://github.com/abyzovlab/Scellector. 

Another challenge is the accurate discovery of somatic mutations in a cell, and it partially 

lays in immaturity of dedicated analytical approaches. Approaches comparing a cell’s 

genome to a control bulk sample miss common mutations, while approaches to find such 

mutations from bulk suffer from low sensitivity. We have developed and implemented All2 

https://github.com/abyzovlab/Scellector
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(discussed in Chapter-3), which can discover mosaic SNVs, indels and SVs from 

exhaustive cell-to-cell comparison of WGS data from single cells or clones. Our method is 

superior to using deep sequencing of bulk tissues and/or paired comparison of single cells 

versus bulk for detection of both low and high frequency mosaic mutations. A limitation 

relative to bulk method is that the mutations that are not sampled by the analyzed single 

cells cannot be discovered. This can be addressed by increasing the number of analyzed 

single cells. We have also applied All2 for comprehensive reconstruction of a 

developmental lineage tree, showing that All2 allows a vastly more comprehensive lineage 

discovery. Furthermore, the method is general and can be applied to any problem of lineage 

tracing that relies on the analysis of multiple cells, such as tracing cancer evolution. 

We further demonstrate that All2 facilitates removal of false positive calls (in ADA mode) 

from amplified single cells. Additionally, since ADA mode takes a BED file with inclusive 

regions as input, All2 can be applied to the analyses of exome sequencing where a user can 

provide a file with target regions. The same mode can also be applied to exclude copy 

number altered regions when analyzing cancer cells. All2 provides visualizations such as 

allele frequency distribution, mutation spectrum, mutation counts and score distribution 

plots to help guide the user to better understand their data as well as change parameter 

setting for calling mosaic mutations. The tool is open source and is freely available on 

GitHub: https://github.com/abyzovlab/All2. 

4.2 FUTURE DIRECTIONS 

Other than the issues we addressed in this thesis, there are other factors that need to improve 

to make scDNA-seq scalable and cost efficient for somatic mutation detection. scRNA-seq 

https://github.com/abyzovlab/All2
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has higher abundance of mRNA molecules compared to DNA making it easier to obtain 

enough material for sequencing and making it possible to analyze hundreds of cells for 

relatively lower cost using platforms like 10X genomics. However, with scDNA-seq, 

similar platforms have not been successful due many factors such as faulty amplification 

and lower coverage for calling mutations, requiring the need for sequencing each single 

cell as a single sample. Since each single cell must be sequenced independently at 30X 

coverage for mutation detection, this makes the experiment design expensive and limits the 

number of single cells that can be analyzed. With future improvement in the amplification 

methods such as those shown by PTA (primary template amplification)(31), it will be 

possible to use scalable platforms for scDNA-seq analyses such as 10X genomics for the 

analyses of hundreds of cells at a time. Additionally, with sequencing costs going down, 

such as shown by the Ultima genomics(58) which promises $300 genome, the possibility 

to analyze high volumes of scDNA-seq data is a possibility in not so far future. Another 

advantage of scRNA-seq over scDNA-seq is the fact that the former can identify the cell 

type from the sequencing data which is used to identify different cell types in each sample. 

This is particularly helpful to study cancer samples to understand the immune infiltration 

within the tissues as well as different clones representing the mass. Platforms such as 

Pacbio have shown that it is possible to identify methylation from DNA sequencing 

data(59). The methylation pattern thus obtained can be used to identify different cell 

types(60, 61). Preliminary data from our lab on PTA amplified single cells shows promise 

to do the same. Equipped with improved amplification methods, scalable single cell 

tagging platforms, low-cost sequencing, and the ability to identify cell type from DNA, the 
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future looks very promising for robust, accurate and high scale detection of somatic 

mosaicism which will give us a deeper biological understand of normal development and 

disease and accelerate the field further. 
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