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Abstract 

Pancreatic ductal adenocarcinoma (PDAC) is one of the most lethal cancer types with a 5-

year survival of less than 12%. Such a rate has increased minimally over the past decades 

despite improvements in surgical and medical management. Nonetheless, in recent years, 

collaborative research efforts across the globe have advanced our understanding of the 

disease’s molecular underpinning and revealed several opportunities for precision 

medicine, while calling for more precise measurement of it molecular features to inform 

clinical management. 

Numerous next-generation sequencing (NGS) studies have revealed PDAC clonal 

evolution as a hybrid model of stepwise and punctuated events. Point mutations in multiple 

driver genes (i.e. KRAS, CDKN2A, TP53) followed by allelic loss of the wild type alleles 

are gained through progressive waves of clonal selection, while pervasive copy number 

variations or larger scale genomic rearrangements that further grant growth advantages are 

acquired rapidly following polyploidization. Elucidation of these genomic events has 

largely been accomplished by sequencing patient tissues in bulk; in some cases resolution 

has been increased by use of microdissected samples and/or development of computational 

tools to deconvolve the complexity of subclonal mixtures. Regardless, given clonal 

evolution happens at the single-cell level one must rely on a set of strong assumptions 

which may overlook important events such colocalization of alterations within a singular 

genome or mutual exclusivity indicating distinct populations.  
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Thus, we developed a scalable workflow to apply high-throughput single-cell DNA 

sequencing method to primary PDAC samples and generated the highest resolution view 

of its genomic evolution to date. Specifically, we defined at single cell resolution the 

genomic bottlenecks and intercellular heterogeneity present over the course of PDAC 

evolution spanning early invasion to dissemination to a variety of secondary sites. From a 

technical perspective the combined wet/dry-lab workflow is the first to apply such single-

cell DNA sequencing to solid tumor, and we believe it carries significance for clinical 

application especially when tumor purity is limited or when high sensitivity for low-

prevalence mutations is sought after. From a biomedical perspective, we believe this work 

established the ground truth of PDAC genomic evolution profile in its native environment. 

It formed the baseline for comparison with more PDAC precision medicine studies to come. 
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Section 1: Introduction 

1. The problem 

1.1 Pancreatic cancer 

Pancreatic ductal adenocarcinoma (PDAC) has surpassed breast cancer to become the third 

leading cause of cancer-related death in the United States, with a five-year survival rate 

currently standing at 12% [1]. A more alarming fact is that it is projected to overtake 

colorectal cancer before 2040, moving only behind lung cancer as a leading cause of 

cancer-related mortality [2]. 

Aside from a number of factors that are driving an increase in cancer incidence general, 

including the obesity epidemic and greater life expectancy[3], many factors unique to 

PDAC contribute to its lethality: 

1. Outside of the minority (10%–15%) of cases ascribed to germline mutations or 

known risk factors such as mucinous cystic lesions and chronic pancreatitis, there 

is no single attributable risk factor for most patients[4], hindering preventive efforts 

in the general population.  

2. The only curative treatment would be surgical removal of the tumor[5], but only 

15-20% of patients are eligible for surgery at diagnosis [6]. Compared with the 

surgery's technical complexity and lasting impact on the patient's quality of life, the 
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difficulty of detecting the disease at a stage early enough for it to have significant 

benefit is perhaps the main limiting factor. 

3. Because (i) localized disease is largely asymptomatic or accompanied by ill-defined 

symptoms (ii) there lacks diagnostic biomarkers for earlier stage tumors, (iii) the 

anatomical location of the pancreas is hard to access, thereby preventing routine 

office-based screening, the disease is usually not detected until locally advanced or 

metastatic, and present with highly aggressive biology [7]. 

4. Other tumor types have benefited from the second- and third-generation of cancer 

therapeutics (targeted therapy and immunotherapy, respectively) and have since 

seen great improvement in patient outcome[8]. There has not been a broadly-

applicable targeted therapy for PDAC until very recently, KRAS inhibitors were 

developed [9]. Immunotherapy has not been shown to work for the majority of 

patients, possibly due to the poor immune cell infiltration at the pancreas as well as 

low immunogenicity due to PDAC biology, although more promising result have 

also been demonstrated very recently [10]. 

1.2 Basic research improves clinical management of pancreatic cancer 

Although the above facts are dismal at first glance, many reasons for optimism exist, such 

as the development of second- and third-gen cancer therapeutics mentioned above. The 

progress attributes to growing understanding of the biomolecular basis of PDAC, while 

coincides with a newfound appreciation for the complexity of the disease, which occurs 

not only across patients but can also vary dramatically within individual tumors. Studies 

of these variances in genomics (DNA), transcriptomics (RNA), proteomics, tumor 
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microenvironment (TME) and treatment response are clarifying the aspects of the problem 

that need to be solved and paving the way for better clinical care [6]. I briefly review some 

of the key advances in basic research and how they have translated into the clinic. 

Transcriptional subtypes of pancreatic cancer 

Approaches to comprehensively interrogate the transcriptional landscape has identified 

several PDAC subtypes across patients which demonstrate differential biology and 

therefore clinical progression pattern. Overall, as methodologies to acquire tumor sample 

and sequence RNA evolved, consensus has best coalesced around two major pancreatic 

cancer subtypes, classical and basal-like, with some populations showing mixed features 

[11].  

The recent COMPASS trial provided proof of principle validation of subtype-based 

treatment of patients. Patients with classical subtype of PDAC had superior responses to 

first line 5-flurouracil-based regimens than those with basal-like cancers [12]. This initial 

observation is now being further validated with a multi-center trial that is also examining 

whether contemporaneously established ex vivo organoid cultures from patient biopsies 

can provide phenotypic data on a broader range of drug sensitivities. 

Tumor microenvironment 

PDAC exhibits a famously substantial and intensely studied TME. Immunohistochemical 

staining on primary tissues and functional studies in mice have unveiled this intricate 

ecosystem of immune cells, endothelial cells, and cancer-associated fibroblasts (CAFs), 
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which provides specialized niches for cancer cells and modulates their growth and invasive 

behavior [13]. 

Aside from inspiring many ongoing trials that directly target the PDAC TME, such studies 

have also identified stromal subtypes that predict response to chemotherapy [14], [15]; 

immune milieu that is prognostic [16], [17] and predictive of response to immunotherapy 

[18]. 

Due to the limit of space, I will not be able to cover all aspects PDAC biology and treatment. 

For the rest of the Introduction Section I will focus on the genomic aspect of the disease 

which is most relevant to this dissertation. 

 

2. Genomic study of pancreatic cancer 

“The revolution in cancer research can be summed up in a single sentence: cancer is, in 

essence, a genetic disease.” -- Vogelstein and Kinzler, Nature Medicine (2004) [19].  

 

2.1 The significance of studying the cancer genome 

In my opinion this significance is two-fold: 

For one, our understanding of cancer started from the discovery that alterations in the 

genome drive oncogenesis [20], [21]. As we found more cancer-associated genetic 

mutations and pathways/phenotypes they control, we came to understand more details of 
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cancer's behavior - not only early oncogenesis but also acquisition of abilities to invade, 

metastasize, evade immune surveilance etc. [19], [22]- and developed targeted therapies, 

which marked the advent of second-generation cancer therapeutics [23]. 

The above point focuses on a static view of the cancer genome; but the cancer genome is 

highly dynamic [24], [25]. Oncogenesis is not just a matter of acquiring a set of mutations, 

but an evolutionary process where continuous acquisition of mutations in individual cells 

coupled with natural selection acting on the resultant phenotypic diversity sculpt the 

genotype that we observe. Thus, the cancer genome presents a comprehensive record of 

the cancer's evolutionary history which has many implications for cancer biology and 

clinical management:  

o The underlying mechanisms that drive the acquisition of mutations (i.e. mutational 

signatures) can provide insights into the etiology of the disease and potentially identify 

new risk factors [26], [27].  

o The order in which driver mutations are acquired could enable us infer the events that 

took place during different stages of cancer development, better understanding genes 

functions by putting them in context [28], [29]. 

o The clonal relationship between different subpopulations of cancer cells could inform 

us about the cancer's pattern of growth. For instance, a sample from the blood could 

potentially detect circulating tumor cells (CTCs) or cell-free DNA (cfDNA) that shed 

from the primary tumor or metastases, and inform us about the tumor's metastatic 

potential [30]. Samples from different spatial locations of the primary lesion could 

inform us how the tumor or early progenitors colonize the tissue [31], [32]. Samples 
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from matched primary and metastatic sites could inform us the path that the tumor took 

to spread. 

o The clonal architecture of the tumor could enable us to infer the timing of critical events 

in the tumor's history, such as acquisition of invasive potential, metastasis, developing 

resistance to therapy, etc. in relation to genomic events [33], [34], [35], [36], [37].  

In the meantime, the cancer genome at the population level also forms the blueprint for its 

future development and enables us to apply precision medicine: 

o The clonal heterogeneity of tumors as inferred by genomic diversity has been shown to 

correlate strongly with patient outcome [38], [39], [40]. 

 

o The clonal status of actionable driver mutations could inform us about the potential of 

targeted therapy [41].  

2.2 Development of sequencing technologies 

It took major developments in DNA sequencing technologies to go from a static and limited 

snapshot of the cancer genome to the dynamic and comprehensive view of all the 

evolutionary processes taking place in the cancer genome that enabled the above insights. 

I will present a personal view of this history: as I was writing up a part of Section 4 of this 

dissertation, I looked up papers back in the 1980s/1990s where the critical cancer genes 

that we are conveniently surveying today were first discovered. They were using some of 

the most basic genetic techniques including mutant-enriched polymerase chain reaction 

(PCR)-restriction fragment length polymorphism analysis and allele-specific 
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oligonucleotide hybridization [42]; allelotyping using microsatellite markers [43]; 

representational difference analysis (RDA) for detection of homozygous deletion [44] ; and 

direct sequencing of candidate genes [45]. Personally, these methods appeared ingeniously 

devised and are as exciting to read as detective stories, much more fun than many 

complicated sequencing methods these days. But they also appeared so primitive that I 

must marvel at how much we have progressed in merely two decades or so. 

Then came Sanger sequencing, which was the first method to sequence the entire human 

genome [46]. A global genomic analysis in human pancreatic cancer was made possible by 

this technique in 2008 [47], which not only validated alterations in driver genes already 

known by that time such as KRAS, TP53, CDKN2A (P16/MTS1), and SMAD4 

(DCC/DPC4), but also identified alteration, mostly point mutations, in many new genes 

corresponding to a core set of 12 cellular signaling pathways and processes. This seminal 

work set the stage for many more molecular studies of pancreatic cancer to come. 

Although Sanger sequencing for pan-genome analysis was a major breakthrough, it was 

slow and expensive that the study was only able to profile 24 pancreatic cancer cases. It 

was also targeted as primers needed to be designed. Next-generation sequencing (NGS) 

technologies which came about in the mid-2000s [48] was much faster and cheaper and 

enabled sequencing of the genome in an unbiased way in large cohorts of cases [49]. 

It was NGS that enabled evolutionary analysis of the cancer genome: it enabled detection 

of more passenger mutations and the many other alteration classes, such as copy number 

variations (CNVs), structural variants (SVs), mutational signatures, which were all useful 

for inferring evolutionary processes [50]. 
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The next development was going from bulk (lumping signals from many cells) to single-

cell sequencing, which would be discussed in detail in the next Section. But aside from 

that, bulk sequencing technologies with higher sensitivity were also developed, such as 

duplex sequencing [51], [52], which enabled detection of rare mutations and mutational 

signatures that were previously obscured by sequencing errors. These were essential for 

not only studying rare, potentially resistance-driven subclones in cancer, but also for 

studying background mutation rate, clonal mutations in normal tissues. 

2.3 History of pancreatic cancer genomic studies 

In recent years, several large-scale sequencing cohorts have been published, each with its 

own unique characteristics such as sample sizes, sequencing methodologies, and 

computational innovations [34], [47], [53], [54], [55], [56], [57]. The seminal Jones et al., 

Science (2008) utilized high-throughput Sanger sequencing of 20,661 protein-coding genes 

and confirmed the presence of the four main drivers of pancreatic ductal adenocarcinoma 

(PDAC): KRAS, CDKN2A, TP53, and SMAD4. This study also introduced the concept of 

core signaling pathways which brought attention to convergent evolution through 

inactivating alternative genes. Although the sensitivity was high in this project thanks to 

the use of xenograft, the limited sample size of 24 pancreaticobiliary cancers hindered the 

identification of rare driver genes. 

Subsequent efforts employed whole-exome sequencing with larger sample sizes, leading 

to the discovery of additional signaling pathways and novel driver genes. These studies 

also highlighted the significance of KRAS wild-type PDAC for potential targeted therapies 

[55]. Whole-genome sequencing, conducted on even larger sample sizes, revealed 
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additional candidate driver genes and a wide range of genomic instability in PDAC [56]. 

The most unstable genomes were found to be highly correlated with inactivation of double-

strand break repair genes and sensitivity to cisplatin. 

By combining whole-genome sequencing with laser capture microdissection, researchers 

achieved the highest sensitivity for identifying alterations in the PDAC genome [34], [57]. 

This approach provided valuable insights into the roles of chromothripsis and whole-

genome duplication (WGD) in cancer progression. As the sample size and depth of 

coverage increased, the four main driver genes identified prior to the era of next-generation 

sequencing remained prominent. However, these studies have provided a much greater 

understanding of mutational targets, genome structure, and mechanisms of somatic 

alteration in PDAC. 

 

2.4 General features of the pancreatic cancer genome 

Single-nucleotide variants 

The most prevalent form of genetic alteration in PDAC are single-nucleotide variants 

(SNVs). The most reliable estimates based on whole-genome sequencing of macro-

dissected PDACs indicate ~2.64 mutations per megabase [56]. The number of SNVs per 

megabase also vary by the region of the genome studied as non-coding regions have more 

SNVs per megabase than coding regions, possibly due to differential selection pressures 

between these genomic regions [58].  



 

 

 
10 

A major part of these SNVs are nonfunctional mutations, either targeting the intron, or are 

synonymous/silent, and are deemed passenger mutations that do not provide a fitness 

advantage to the cell . Missense mutations that result both in a non-conservative change in 

the encoded amino acid and within a highly conserved region of the peptide are more likely 

to change protein function [22], [59], [60]. They are also the most common type of 

functional mutations targeting driver genes. Aside from that, nonsense mutations and small 

insertions and deletions (indels) that lead to frameshifts are deleterious by introducing a 

premature stop codon, which leads to degradation of the mutant transcript by nonsense-

mediated decay or in some instances expression of a truncated protein [61]. Splice site 

mutations might have several consequences, including alternative splicing or intronic 

retention, that could also lead to formation of a downstream premature stop codon within 

the aberrant transcript [62]. 

While they do not directly affect protein function, passenger mutations in cancer cells can 

still have implications for cancer biology: they could generate novel amino acid sequences 

that can bind to MHC molecules as neoantigens [63]. PDACs with high mutational burdens, 

such as those associated with MLH1, MSH2, MSH6, or somatic POLE mutations, could be 

particularly sensitive to immunotherapy [64], [65]. 

The non-coding genome of PDAC has fewer cancer driver events compared to the coding 

genome. In one of the few studies of the non-coding PDAC genome, recurrent mutations 

in cis-regulatory promoter regions were found to be associated with alterations in gene 

expression related to transcriptional regulation [66]. The genes affected - RUNX3, ROBO1, 

SLIT2, and CTNNA2 - had been previously implicated in PDAC [67]. Through integration 
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of DNA methylation and mRNA expression analysis, 96 genes have been identified as 

silenced by methylation in PDAC including known genes CDKN2A, CDKN2B, BRCA1 or 

MGMT and novel PDAC candidates ZFP82 and PARP6 [55]. Additionally, miRNA 

clusters and long non-coding RNAs (lncRNAs) have been found to be differentially 

expressed in PDAC [55], [68]. 

Mutational Signatures 

Somatic mutations in PDAC can be clustered into different mutational signatures 

representing different etiologies. The most prevalent mutational signatures in PDAC are 

related to ageing, smoking, defective DNA repair, dysregulated APOBEC enzymes, and 

reactive oxygen species (ROS) [27], [69], [70]. Mutational signatures generally are similar 

between matched primary and metastatic tumors [69], [70], while differ between coding 

and non-coding regions [71].  

Copy number and structural variations 

Copy number variations (CNVs) and structural variations (SVs) are common in PDAC. 

WGD has been identified in 45% of microdissected PDACs that underwent whole-genome 

sequencing and is associated with a higher number of CNVs and TP53 somatic mutations 

[34]. Although copy number variation in PDAC might occur in isolation, these events are 

more commonly associated with other SVs in which part of one chromosome is 

translocated to another. One such common mechanism by which this occurs in PDAC is 

chromothripsis, a phenomenon in which multiple SVs occur in a single catastrophic mitotic 

event [72]. Highly sensitive methods of detection of chromothripsis indicate that it can be 
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found in as many as 65% of PDACs, often before polyploidization [34]. Alternatively, 

ongoing genomic instability due to DNA repair deficiency might also lead to structural 

rearrangements [56]. A study of structural rearrangements in PDAC indicated that most 

(>80%) are intra-chromosomal. The majority of these are rearrangements (58%), followed 

by fold-back or amplified inversions (25%) and deletions (13%). Inter-chromosomal 

translocations are less prevalent (<20%) and duplications of large genomic regions 

(including tandem duplications) are relatively uncommon, accounting for ~3% of events. 

2.5 The mutational landscape of the pancreatic cancer genome 

The genes somatically altered at high frequency in PDAC indicate the cellular pathways 

whose dysregulation is selected for a survival advantage during pancreatic carcinogenesis. 

I briefly summarize the genes/pathways below: 

High-frequency somatic genetic alterations 

1. KRAS mutations 

KRAS activation is among the earliest genetic events known in PDAC, in which it signifies 

the transition from a normal centroacinar or ductal cell to an initiated cell [42], [73]. KRAS 

is a 21 kDa GTPase that activates MAPK–ERK signalling, thus controlling cellular 

proliferation, differentiation, migration and survival [74]. KRAS mutations are the most 

common oncogenic alteration in PDAC, occurring in ~90% of cases [47], [56], [57], [57]. 

Given the overwhelming evidence supporting the role of chronic pancreatitis in pancreatic 

carcinogenesis [75], hyperactivity of MAPK–ERK signalling seems a requisite to maintain 

survival of a cell within the inflamed microenvironment. KRAS mutations have been shown 
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to increase cellular fitness by protecting against inflammation-associated senescence and 

promoting autophagy, micropinocytosis and stress granule formation [74]. In human 

tissues KRAS mutations are found in low-grade pancreatic intraepithelial neoplasia (PanIN), 

and some PanINs might be associated with acinar to ductal metaplasia [32], [76], [77] 

Virtually all KRAS mutations in PDAC are SNVs occurring in codons 12 (~91%), 13 (~2%) 

and 61 (~7%). Subsequent to these activating mutations, allelic imbalance in association 

with WGD and tumour progression might occur, further increasing the dosage of the 

mutant KRAS allele [78]. In some patients more than one mechanism of KRAS allelic 

imbalance is seen within different metastatic sites, indicating convergence on a net gain in 

MAPK–ERK signalling [70]. This finding has been independently observed in mouse 

models of PDAC [76]; furthermore, in the same study compelling evidence was shown for 

KRAS allelic imbalance occurring in the setting of CDKN2A homozygous deletion, 

whereas heterozygous loss of CDKN2A was associated with alternative oncogenic events 

affecting KRAS [79]. These findings indicate that PDACs undergo distinct evolutionary 

routes to increase KRAS dosage depending on the mechanism of inactivation of CDKN2A. 

About 10% of PDACs do not have an activating mutation in KRAS [55]. These cases are 

notable for mutations or copy number alterations in alternative drivers such as activating 

mutations or amplifications of BRAF, FGFR1 or ERBB2, inactivating mutations in NF1, 

DUSP6 or SPRED1 [54] or fusions involving NRG1 and NTRK1 [80], [81], [82], further 

underscoring convergent evolution towards the MAPK–ERK hyperactivity phenotype. 

Wild-type KRAS PDACs also seem to be enriched in patients with germline mutations in 

known familial risk genes [55]. 
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2. CDKN2A inactivation 

CDKN2A is a tumour suppressor gene whose protein product controls the G1/S checkpoint. 

CDKN2A encodes two proteins: the INK4 family member p16 (or p16INK4a) and p14ARF 

[83]. Whereas p16 arrests the cell cycle in the G1 phase by inhibiting binding of CDK4 or 

CDK6 with cyclin D1, p14ARF initiates p53-dependent cell cycle arrest. The mutational 

profile of CDKN2A or CDKN2B indicates that p16 is the most likely target, as a substantial 

proportion of mutations do not affect the p14ARF coding region [84]. Inactivation of 

CDKN2A is found in 90% of PDACs by multiple mechanisms, each occurring in 

approximately equal proportions: homozygous deletion, mutation coupled with loss of the 

wild-type allele, or hypermethylation [55], [56], [77]. In PDACs in which CDKN2A is not 

inactivated, alternative mechanisms of inhibiting the G1/S checkpoint — including RB1 

inactivation by somatic mutation or hypermethylation, CDK4 amplification or CCND1 

amplification — have been identified, indicating convergence towards the phenotype of 

loss of G1/S checkpoint [54], [85].  

 

3. TP53 inactivation 

Unlike KRAS and CDKN2A, which are almost always targeted during carcinogenesis and 

before invasion into the pancreatic parenchyma, TP53 and SMAD4 inactivation are 

relatively late events that, when identified, signify the presence of a neoplasm with invasive 

potential [31], [86]. TP53 is a tumor suppressor gene whose protein product serves as a 

major guardian of genome integrity by modulating transcription, DNA repair, genomic 
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stability, cell cycle control and apoptosis [87]. Alterations of TP53 in cancer occur in 80% 

of PDACs, the majority of which are missense mutations in association with allelic loss 

that confer gain of function via altered DNA binding and interactions with other 

transcription factors. Consequences of these gain-of-function mutations include cell cycle 

activation, loss of apoptosis regulation and metabolic changes; these phenotypes are most 

likely selected for to maintain survival in association with an increasingly unstable genome 

during clonal expansion within the pancreatic ducts [31]. A subset of PDACs exhibit TP53 

loss-of-function mutations via truncating mutations or homozygous deletion [88]me. 

Although these mutations also confer an aggressive phenotype, the specific mechanisms 

have been relatively less explored [89], [90]. TP53 alterations in PDAC are highly 

correlated with polyploidization, and, although they do not seem to specifically cause 

WGD, might maintain cell survival in the presence of it [91]Shu. 

4. SMAD4 inactivation 

SMAD4, also a tumour suppressor, is a mediator of the canonical TGFβ signalling pathway 

that controls tissue homeostasis throughout human body [92]. Inactivation of SMAD4 

occurs in just over 50% of resected PDACs by homozygous deletion or somatic alteration 

with loss of the wild-type allele [43]. About 10% of PDACs have inactivating TGFBR2 

mutations or deletions that are mutually exclusive with SMAD4 loss. Inactivating mutations 

in other members of the TGFβ family of receptors are also observed [93]. Loss of SMAD4 

promotes growth by loss of tumor-intrinsic responsiveness to canonical TGFβ pathway 

signalling, abrogating growth control while resulting to increased migratory behaviour, 

immune evasion and autocrine activation [92]. SMAD4 inactivation has been shown to be 
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a subclonal event (only present in a subset of tumor cells) and roughly coincide with the 

moment of invasion, indicating that it is selected for to maintain cell survival and fitness 

upon exposure of the neoplastic cells to the stromal microenvironment [94], [95]. 

Considering that the presence or absence of SMAD4 expression also correlates with the 

mode of invasion — that is collective or mesenchymal, respectively [94]— it is likely that 

specific features of the stromal microenvironment that are yet uncharacterized act as a 

potent selective pressure that favours neoplastic cells with SMAD4 loss.  

 

Low-frequency somatic genetic alterations 

Many genes are recurrently altered in PDAC but at frequencies lower than 10% of analysed 

cases in large-scale studies. Emerging data suggest some might serve as biomarkers of 

PDAC subtypes with differing therapeutic susceptibilities [96], [97].  

SWI/SNF and COMPASS complexes 

Two chromatin remodelling complexes are affected by inactivating mutations in up to 10% 

PDAC - the Switch/Sucrose-Nonfermentable (SWI/SNF) complex and the COMPASS 

complex [98], [99] - indicating selection towards epigenetic remodeling.  

Genes targeted in the SWI/SNF complex include ARID1A and ARID1B, both of which are 

components of the BAF subunit, or ARID2 and PBRM1, both of which are components of 

the PBAF subunit. SMARCA2 and SMARCA4, present in both the BAF and PBAF subunits, 

might also be affected in a minority of PDACs [55]. ARID1A is genetically inactivated at 



 

 

 
17 

a slightly higher rate (~6% of PDACs) than all other genes in the SWI/SNF complex, 

indicating a more general importance for disruption of the BAF subunit. Further, mutations 

in any one SWI/SNF gene are mutually exclusive of each other, indicating convergence 

[100]. In normal cells the SWI/SNF complex contains DNA-stimulated ATPase activity 

and utilizes the energy provided by ATP hydrolysis to remodel chromatin through 

nucleosome sliding and removal [101]. These distinct SWI/SNF family complexes bind to 

a multitude of genomic loci, including distal enhancers, promoters and CCCTC-binding 

factor binding sites at which they facilitate and maintain DNA accessibility to regulate gene 

transcription [102]. Importantly, they are significantly intertwined with the TGFβ 

signalling pathway which is frequently altered in PDAC as described above. 

Genes targeted in the COMPASS complex include the histone H3 lysine 4 (H3K4) 

methyltransferases KMT2C and KMT2D and the complex-related gene KDM6A, which acts 

as a H3 lysine 27 (H3K27) lysine demethylase [103]. As for genes of the SWI/SNF 

complex, mutations in any one of these three genes are mutually exclusive of each other 

[56]. These proteins serve as major regulators of monomethylation at enhancer regions, 

indicating convergence towards a phenotype of enhancer attenuation [58]. 

Genetic inactivation of genes in the SWI/SNF or COMPASS complexes is correlated with 

the development of basal-like transcriptional features, particularly if this event occurs early 

in the evolutionary life history of the neoplasm [104]. It demonstrates that attenuation of 

enhancer activity is an important factor in the development of basal-like transcriptional 

features and worse outcome [105], [106]. 

GATA6 and MYC 
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GATA6 and MYC are recurrently amplified in PDAC and usually associate with whole-

genome duplication or chromothripsis [107]. GATA6 is a transcription factor that 

contributes to the normal development of mesodermal and endodermal tissues including 

the pancreas . In human PDAC cells and tissues GATA6 amplification, or its transcriptional 

upregulation, occurs late during carcinogenesis and activates canonical WNT signaling 

[108]. GATA6 amplification or overexpression correlates with the classic transcriptional 

phenotype as well as with improved overall survival [96], [97]. GATA6 amplification is 

also correlated with SMAD4 deletion, in part because they are in close proximity to each 

other on chromosome 18 and are likely altered simultaneously [107]. On the contrary, in 

some PDACs GATA6 might instead undergo hypermethylation-mediated silencing, which 

is correlated with basal-like features of PDAC and with poor outcome [107], [109]. 

MYC is part of a family of transcription factors that form a network to regulate metabolism 

and cell proliferation and induce expression of genes required for these processes [110]. 

Unlike GATA6, which is subject to either gain or loss of expression, MYC is usually only 

upregulated by gene amplification[47], [55], [56], [57]. It promotes cancer progression 

though altered metabolic pathways, survival signals in the setting of hypoxia, and 

promotion of cell competition [111]; it is inversely correlated with basal-like features of 

PDAC and poor outcome [96], [97]. 

Germline alterations 

The best-characterized germline variants linked to PDAC are BRCA1, BRCA2 and PALB2, 

the Fanconi anaemia genes FANCC and FANCG, and ATM. Mutations in BRCA1 and 

BRCA2 are the most commonly identified germline variant, accounting for almost 50% of 
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all germline mutations found [112], [113]. These proteins are all components of the DNA 

double-strand break repair machinery and mutations in them cause increase genomic 

instability by faulty homologous recombination at stalled replication forks and increase the 

rate of somatic mutations, as seen by the signature SBS3 and ID6 [27].  

2.6. Pancreatic cancer genomic evolution through space and time 

In the general cancer field, more than half of all single nucleotide variants (SNVs) found 

in cancerous epithelial cells have been observed to occur prior to the initiating event [114], 

mostly as a result of random DNA errors that accumulate over time [26]. Oncogenic 

mutations in the KRAS gene, the most common initiating genetic alteration in pancreatic 

cancer, can also occur randomly and commonly in phenotypically normal pancreatic cells 

or in samples of chronic pancreatitis from otherwise healthy individuals [32]. This suggests 

that KRAS mutations alone are not sufficient for the development of invasive cancer. 

The presence of both acute and chronic pancreatitis has been found to significantly increase 

the risk of developing pancreatic ductal adenocarcinoma (PDAC). In humans, many of the 

known risk factors for PDAC are associated with chronic inflammation [115]. It has been 

shown that activated KRAS creates a feedback loop that that promotes cell survival by 

inducing a pro-tumor microenvironment while downregulating other cellular pathways that 

limit formation of acinar to ductal metaplasia (ADM) [116], [117], [118], [119]. Therefore, 

activate MAPK-ERK signaling increases the fitness of cells to withstand the inflamed 

environment. 
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Then, as genetic damage accumulates due to one or more mutational processes (e.g. ROS 

due to inflammation, ageing, smoking), additional alterations, such as in the CDKN2A gene, 

can occur, further increasing the fitness of the mutant clone. The corresponding phenotype 

of loss of the G1/S checkpoint perhaps increases genomic instability by causing 

catastrophic events such as chromothripsis [79], which might together select for additional 

alterations that allow the cells to sustain such genomic instability, such as TP53 

inactivation which limits apoptosis in such context [87]. TP53 alterations are highly 

correlated with cells with high-grade cytological features (PanIN3), increased proliferation 

and the capacity to migrate through the pancreatic ductal system [31], at which point the 

cells are very close to invasive cancer, 

The pancreatic stromal response to invasive carcinoma is a crucial factor in pancreatic 

carcinogenesis, and is an expansive topic that I will not go into much detail here. I found 

it worth highlighting that the stroma response to epithelial injury in the normal pancreas 

include fibroblast activation, immune suppression, remodeling of the extracellular matrix 

and trophic signals to promote re-epithelialization, all features coordinated in large part by 

TGFβ [120], [121]. This drastically changing microenvironment forms an additional round 

of selection force that my research lab postulate is the primary reason for the enrichment 

of TGFβ inactivation, signified by loss of SMAD4 (occurs in >50%) which is a central 

mediator of cell-intrinsic TGFβ signaling [43], [57]. Notably, it has been shown that TGFβ 

inactivation is a subclonal event, indicating that it is not selected for during early 

oncogenesis but rather during the invasion process [94], [95].  
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Mutational processes continue as the invasive cancer develops which results in clonal 

heterogeneity. Whole-genome duplication, with or without chromothripsis, further adds to 

this heterogeneity [34]. This diversity manifests as variable gene dosages that are adjusted 

for a net survival advantage in the context of the immediate microenvironment and 

available nutrients [79]. As a result, by the time a PDAC is clinically evident it contains 

demonstrable intratumoural heterogeneity characterized by subclones that differ with 

respect to somatic alterations, allelic gains or losses and gene deletions or amplifications; 

in some patients with resectable PDAC these subclones contain mutations or amplifications 

of known driver genes that are associated with disease recurrence after adjuvant therapy 

[70]. By contrast, sequencing studies of treatment-naive stage IV PDAC failed to identify 

any genetic heterogeneity, indicating these two patient cohorts differ by at least one major 

clonal expansion [36], [122].  Ultimately, despite the complexity of a primary PDAC 

genome, focused studies of the genomic alterations associated with metastasis indicate that 

metastatic efficiency is largely established by the driver genes that accumulate during 

carcinogenesis [123], after which epigenomic and metabolic perturbations play a greater 

role [124].  

 

2.7 Limitations of bulk NGS 

Elucidation of genomic events/processes presented above has largely been accomplished 

by sequencing of bulk tissues, which means genomic signals from thousands of cells are 

lumped together and analyzed as a whole. While this approach has been highly successful 
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in identifying the major genetic drivers and general genetic features, it is subject to several 

shortcomings: 

 

For one, pancreatic cancer stands out with a uniquely extensive stroma reaction. This 

entails that most samples taken from the primary/metastatic site consist of a significant 

amount of non-tumor cells, which dilutes the signal from the tumor cells. This is 

particularly problematic for detecting rare genetic events, such as subclonal mutations or 

copy number variations, which could be important for understanding the evolutionary 

history of the tumor. In the worst case there can be no tumor cell captured from a precious 

sample at all. Present solutions include multiregional sampling [125] or laser-capture tissue 

microdissection to enrich for tumor content [57], but they are laborious and not amenable 

to high-throughput. 

Another point is generally, given clonal evolution happens at the single-cell level, with 

bulk sequencing data one must rely on a set of strong assumptions which may overlook 

important events such colocalization of alterations within a singular genome or mutual 

exclusivity indicating distinct populations.  
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3. My perspective and objectives of the thesis 

3.1 The need for single-cell resolution 

The field of single-cell genomics, since its advent about 10 years ago [126], has been 

striving to increase the throughput and resolution of cancer research. Single-cell DNA 

sequencing (scDNA-seq) offers many advantages over traditional “bulk” DNA-seq. Most 

importantly, it circumvents the issue of “mixed signals” [127], i.e. the admixture of normal 

and tumor cells, and/or of distinct tumor subclones. Solving the former allows for much 

higher sensitivity in calling rare genetic events, which opens opportunities to validate and 

discover cancer-related somatic mutations. Solving the latter allows for more confident 

identification of different clonal lineages within a single tumor, which could inform 

understanding cancer evolution as well as targeted treatment decisions. 

Being able to separate tumor cells and other cells directly, single-cell sequencing carries 

an additional layer of technical advantage for studying pancreatic cancer which is 

characterized by a dense stroma reaction.  

3.2 The need for spatial resolution 

Early/large-scale genomic studies have usually used solely one piece of tissue to represent 

each tumor. However, as described above, tumor is a spatially heterogeneous population 

and needs to be studied across varying spatial locations. There are two levels of spatial 

resolution - at the micro-level, one could seek to profile single cells in sitro in their native 

tissue context, which would provide information on the spatial distribution of different cell 
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types and their interactions within tissue structures such as the pancreatic ducts or the 

stroma. At the macro-level, one could seek to profile different regions of the tumor, which 

would provide information on the spatial distribution of different clonal lineages and their 

interactions. The first has seen major development in the past few years in basic research, 

but I would argue that the second is more relevant for clinical practice and would be a 

major focus of my thesis. The TRACERx series of studies in lung have already made a 

great demonstration of the power of adding a spatial dimension to sampling: the spatial 

heterogeneity across different subregions of the primary tumor, between primary and 

metastasis, and potentially to be captured by circulating tumor DNA (ctDNA) surveillance, 

can be used for predicting many clinical outcomes such as disease recurrence, metastasis, 

and treatment response [39], [40]. My lab has established a large library of such 

multiregionally-sampled pancreatic cancer cases through research autopsy programs [125]. 

3.3 The need for temporal resolution 

Similar to the spatial dimension, the temporal dimension of pancreatic cancer evolution 

has been understudied in the past, due to the lack of appropriate sampling. For one part this 

is because unlike other tumor types where patient survival is long and biopsies can be take 

at multiple time points (treatment-naive, neoadjuvant-treated, resected, relapsed), 

pancreatic cancer is usually diagnosed at a late stage and patients deteriorate so rapidly that 

biopsies at multiple time points are relatively more difficult [7]; another reason is simply 

there has not been such initiative as it requires lots of clinical coordination. As we are 

gradually entering the era of precision medicine for pancreatic cancer, the temporal 
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resolution is particularly valuable for studying cancer evolution through treatment 

bottlenecks and devising strategies to overcome resistance [128].  

3.4 The need for a clinically-applicable workflow to apply the high-resolution 

technologies 

Last but not least, while I acknowledge that single-cell technologies are flourishing for 

basic science, many have been limited to studying cell lines or model organisms [129]. 

There are a few reasons: 

(1) The technologies are still expensive and laborious, and require a high level of technical 

expertise to operate. Therefore, they are hard to scale and achieve statistical confidence 

over a large population of clinical samples. 

(2) The lack of robustness of the technologies do not allow for application on precious 

clinical samples. 

(3) The high noise profile, high complexity of the data limit its use for hypothesis-

generating for basic biology studies, less for generating clinically-relevant or actionable 

insights. 

Given the three points, I recognize the necessity of not only increasing the resolution of 

sequencing methods, but also adapting them into workflows that are (1) scalable (2) robust 

for precious samples (3) directly relating to clinical questions.  
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Section 2: Development of a scalable high-

throughput single-nucleus DNA sequencing 

(snDNA-seq) pipeline for pancreatic cancer 

This work has been published at Nature Communications (2023) [130]. I am adapting a 

major part of it into this thesis, as I believe that although a lot of the workflow was 

preliminary and will be updated in the later sections, it shows the exploratory phase of the 

project thereby completing the story. 

1. Optimization of the wet-lab workflow 

To date, several high-throughput single-cell partitioning systems have been developed, 

including microfluidic platforms, nanowells and microdroplets, which have resulted in 

several reliable single-cell DNA library preparation technologies [129]. Tapestri [131], 

[132], as a microdroplet-based, targeted sequencing approach, allows for high cell 

throughput (up to 10,000 cells per sample) and high coverage depth (>80X) of genomic 

sites of interest, and is therefore suited for high-resolution studies of key genetic variants 

within diseases. However, its use so far has been limited to cell lines and liquid primary 

tumor samples, or a small batch of solid tumor tissues at a time [133], [134], [135], [136], 

[137], [138]. While methods to quickly and effectively dissociate clean single nuclei 

suspensions from solid tumor tissues have been extensively tested for single-nucleus RNA-

seq (snRNA-seq) [139], they have not been applied for single-nucleus DNA-seq (snDNA-

seq) usage. 
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1.1 Development of a single-nuclei extraction protocol 

With Ronan Chaligne, Ignas Masilionis, Elias-Ramzey Karnoub, Juan Li, Neeman 

Mohibullah, and other MSK Integrated Genomics Operations (IGO) members 

We recognized the need for a nuclei extraction workflow that has reduced hands-on 

operation, sample resuspension times, and total processing time, all of which hinder 

scalability and could potentially cause between-sample inconsistency in quality (clumping, 

debris) and final yields. Thus, we used an automated nuclei extraction machine [cite] for 

homogenizing frozen tissues into single nuclei suspensions. The nuclei were then passed 

through a sucrose gradient to strip away debris before microdroplet encapsulation. The 

entire procedure takes ~30 min per sample and requires a single step of pelleting and 

resuspension [Figure 1a]. Although the resulting nuclei clumping percentage and nuclei 

concentration varied across samples of different starting sizes, cellularity and morphology, 

most primary pancreas tumor samples of volumes ≥ 8 mm^3, regardless of collection 

method (resection vs autopsy), resulted in final nuclei suspensions with ≤10% clumping 

and >2000 nuclei/µl suspended in > 35 µl buffer as input for Tapestri [Figure 1b]. 

Exceptions were samples with particularly high fat/stroma content or random technical 

errors, which either limited input nuclei concentration or increased clumping rate  as 

observed by microscopy. 
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Figure 1. Frozen tissue single nuclei extraction workflow for snDNA-seq. 

[a] Overview of frozen sample single nuclei extraction workflow for Tapestri snDNA-
seq. [b] Representative microscopic images of extracted single nuclei, stained with 
Trypan blue (brightfield, BF), DAPI (fluorescence, FL). At least 3 representative pictures 
were taken per sample and yielded similar results. [c] Technical and genetic profile of 
each biologically distinct sample. A total of 38 samples were processed, 34 of which 
were biologically distinct samples from 16 unique patients. Genetic profiles were based 
on bulk sequencing. [d] Pseudobulk (p-bulk) variant allele frequency (VAF) comparison 
of all 160 shared variants between libraries prepared with fresh vs frozen (3 weeks) 
nuclei of sample PA04-2. Key drivers pre-identified by bulk WES in this case are 
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highlighted; regression line with 90% confidence interval is drawn. [e] Single-cell 
genotype (HOM homozygous mutation, HET heterozygous mutation, WT wildtype) 
heatmap of snDNA-seq libraries generated by fresh vs frozen nuclei of sample PR04-2. 
Each row represents a bulk data-validated driver variant of this case, while each column 
represents a single nucleus in the library. The nuclei were sorted based on KRAS variant’s 
VAF in ascending order from left to right. [f] Venn diagrams showing colocalization of 
genotypes belonging to two separate tumor cell populations in one snDNA-seq library 
(two replicates shown); the cells carrying both genotypes were identified as doublets. 
Nuclei suspension extracted from two tumor samples from different patients were mixed 
and subject to snDNA-seq. The two distinct tumor populations were identified by 
genotype for their respective driver variants TP53 p.C207Y and ARID1A splice. Source 
data are provided as a Source Data file. 

 

With this protocol, we prepared 38 snDNA libraries from 34 biologically distinct snap-

frozen PDAC samples from 16 patients. These samples were purposely selected to 

represent primary tumors and metastases, different tissue collection methods, and with 

varying tumor purities [Figure 1c]. Each was analyzed with a custom 186-amplicon panel 

covering 93 frequently mutated genes in PDAC. The mean library yield of single nuclei 

that passed quality control was 2867 complete nuclei (standard deviation = 1672.67). For 

context, two previous studies [cite] using primary acute myeloid leukemia (AML) cell 

suspensions for Tapestri resulted in on average 5072 complete cells/sample (146 samples) 

and 6102 complete cells/sample (154 samples) in the final libraries. 

1.2 Quantification of technical parameters and noises 

To determine the optimal sequencing depth (in this case, mean reads per cell per amplicon) 

required to extract significant insights from the snDNA-seq data, we selected two samples 

that we deemed as over-sequenced (respectively, 278 million and 341 million total read 

pairs; 168 and 342 mean reads/cell/amplicon) and performed downsampling experiments 
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by subsampling the raw FASTQ files at intervals of 50 millions read pairs [Figure 2a, b]. 

The elbow point could be spotted at roughly 100 mean reads per cell per amplicon for the 

proportion of DNA read pairs assigned to cells, total number of barcodes captured, and 

number of cells called [Figure 2c–e]. However, the proportion of tumor cells, as defined 

by the orthogonally validated KRAS mutation for each case, did not vary much along with 

total depth and mean depth per cell per amplicon [Figure 2f]. This indicates that the relative 

proportions of major clones and associated biological insights could be robust to varying 

technical parameters such as read depth and cell throughput. However, for the purpose of 

rare clone discovery where cell throughput would be critical, the results here suggest at 

least a mean depth of 100 is required for our panel specifically. 
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Figure 2. Subsampling experiments to optimize sequencing hyperparameters 

Line plots showing correlation between total/mean read depth and several import 
technical parameters. a. total number of reads vs. total number of cell barcodes detected. 
b. total number of reads vs. mean read depth (per cell per amplicon). c. mean read depth 
vs. percentage of DNA read pairs assigned to cells. d. mean read depth vs. number of 
total barcodes. e. mean read depth vs. number of cells called. f. mean read depth vs 
percentage of KRAS mutated single nuclei 

a b

c d

e f
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We next determined the extent to which extracted single nuclei could be stored in 

suspension without affecting the yield. For two different samples (PA04-2 and PA04-3) 

we cryopreserved a portion of the extracted nuclei then thawed these frozen nuclei 

suspensions after 3 weeks and 14 weeks respectively as input for snDNA-seq. This allowed 

us to compare both the nuclei morphology and the resulting snDNA-seq results between 

freshly extracted and cryopreserved nuclei of the same biological samples. We found that 

the freeze-thaw-resuspension process had >80% recovery rate and minimal change in 

nuclei morphology and clumping percentage Moreover, the final library yield did not 

decrease when prepared with frozen nuclei; on the contrary, frozen nuclei gave slightly 

higher yield than fresh nuclei for both samples. Frozen nuclei generated similar quality 

results as freshly extracted nuclei as measured by sharing the majority of high-quality 

variants and having largely linearly correlated pseudobulk variant allele frequency (VAF) 

for all shared variants [Figure 1d]. For both samples, fresh and frozen nuclei revealed 

highly concordant genotypes as well [Figure 1e]. 

While the doublet rate inherent to the Tapestri scDNA library preparation method has been 

estimated to be 5–8% by its manufacturer [140], we sought to estimate the multiplet rate 

associated with our entire workflow when using snap-frozen tissue. We selected two 

samples from two distinct patients, each with a tumor population characterized by a distinct 

driver mutation (TP53 p.C207Y vs. ARID1A splice) that was orthogonally validated by 

bulk WES as well as independent Tapestri runs. Similar sized pieces of each tissue sample 

were mixed together and subjected to the entire nuclei extraction workflow followed by 

snDNA library generation. Next, we assigned each cell to the two originating tumors based 
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on its genotype for the two driver mutations. The number of barcodes that carried somatic 

variants from both tumors are as shown in the Venn Diagrams [Figure 1f]. Using a mixture 

model we derived the doublet rate to be 3–5%. 

As a PCR-based method, our snDNA library preparation is subject to technical noise 

introduced by uneven amplification of both alleles in a cell (allelic dropout, ADO). To 

quantify the ADO rate inherent to the workflow, we selected 19 of our samples which came 

from resection of early-stage PDAC. We identified germline single-nucleotide 

polymorphisms (SNPs) by comparing single-nuclei sequencing results with bulk-

sequencing results of matched normal sample of the same patient, and calculated the mean 

ADO rate to be 19.6% (of 100 nuclei, 19.6 nuclei only have one of the two alleles). 

However, we deem this as overestimation as we observed obvious single-nucleus 

colocalization pattern of ADO of SNPs on different chromosome arms, which more likely 

suggests real copy number variation rather than technical noise. 

 

1.3 Validation of snDNA-seq results against bulk sequencing results 

To validate the robustness of our method for detection of single-nucleotide variants (SNVs), 

we selected 18 samples previously used for bulk WES sequencing. When limiting to 

variants present within the targeted panel, a strong concordance was noted between 

unfiltered variants called from frozen nuclei versus those called by WES [Figure 3a]. 

When we next limited to filtered, higher-confidence variants from bulk, there was virtually 

complete concordance [Figure 3b]. Moreover, despite technical differences inherent to 
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WES versus Tapestri (input tissue slice, DNA library prep technology and sequencing 

depths) the bulk WES VAFs and snDNA-seq pseudobulk VAFs for all shared variants, 

except for those with ≤2 alternative reads in bulk WES results, were linearly correlated for 

the majority of samples. 

We next sought to determine if our snDNA-seq approach can detect subclonal copy number 

variations (CNVs). For this analysis we used sample PA02-1 with known homozygous 

deletions of SMAD4 and CDKN2A [cite Jones et al., Science 2018]. By calculating the 

single-cell per-amplicon (~200 bp) ploidy based on read counts , we were able to identify 

both homozygous deletions (ploidy~0) in the neoplastic population despite it comprising 

28.5% of all cells [Figure 3c, d]. 
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Figure 3. SnDNA-seq can capture SNV and CNV pre-identified by bulk-sequencing 
with high sensitivity. 

a. For 18 samples of the same bulk WES sequencing cohort, histogram showing the 
number of unfiltered (“Methods”), coding variants called by bulk (blue) and among them, 
the number detected by snDNA-seq (orange). b. For the same samples, histogram showing 
the number of filtered (“Methods”) variants called by bulk (dark red) and among them, the 
number detected by snDNA-seq (light red). Single-cell per-amplicon ploidy heatmap of 
select amplicons covering chromosomes 9 (c) and 18 (d) of sample PA02-1. Each row 
represents one cell while each column is one amplicon. Cells are divided into KRAS-
mutated group (blue) and 3 normal groups (red, yellow, green) and hierarchically clustered 
within group. The amplicons spanning CDKN2A and SMAD4 genes are labeled.  

 
 

 

2. Feasibility on low-cellularity, low-tumor content samples 

Low cellularity and tumor content in certain clinical settings, such as with fine needle 

aspirations, core needle biopsies or for PDAC in general [141], represent major hurdles for 

bulk-sequencing and hinder the quality of resulting genomic information. We therefore 

tested our workflow’s performance in such settings. 

We identified one sample PA04-1 of a primary pancreas tumor with both low-tumor 

cellularity (neoplastic cells occupying <50% area of tissue section) and low overall 

cellularity due to high fat content [Figure 4a]. Despite use of a tissue sample of similar 

size (~8 mm3) as others studied, we extracted a total of 30,000 nuclei, much lower than the 

optimal number of 200,000 as input for Tapestri. Ultimately, we captured only 479 nuclei 

in the final library, approximately 6-fold lower than average. Nonetheless, both driver gene 

variants (KRAS p.G12V, SMAD4 p.A39T) identified by bulk WES of this same sample 
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were identified with high-quality read data and indicated 113 likely tumor cells (23.6% of 

all) captured for this sample based on the presence of the clonal KRAS variant [Figure 4b, 

c].  

 
 

Figure 4. SnDNA-seq’s performance in limiting settings. 

a. Representative hematoxylin and eosin (H&E) stained histology image of sample 
PA04-1, a sample of particularly low cellularity due to high fat content. At least 3 
representative pictures were taken per sample and yielded similar results. b. Single-cell 
genotype (HOM: homozygous mutation; HET: heterozygous mutation; WT: wildtype) 
heatmap of sample PA04-1. A total of 479 captured single nuclei were sorted based 
on KRAS VAF in ascending order from left to right. c. Single-cell genotype (HOM: 
homozygous mutation; HET heterozygous mutation, WT wildtype) heatmap of sample 
PA04-1, zoomed in on 113 putative tumor cells, defined by the presence 
of KRAS p.G12V/SMAD4 p.39T mutation. d. Representative H&E histology image of 
sample PR04-1. At least 3 representative pictures were taken per sample and yielded 
similar results. e. Bulk WES result of sample PR04-1. f. Single-cell genotype heatmap of 
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PR04-1. A total of 3866 captured single nuclei are sorted based on KRAS VAF in 
ascending order from left to right. Tumor cells, defined by the presence 
of KRAS p.G12D/SMAD4 p.G508D/TP53 p.R136H mutations, cluster to the right and are 
barely visible. g. Single-cell genotype heatmap of PR04-1, zoomed in on 40 putative 
tumor cells. 

 
 

With a second sample (PR04-1) of particularly low-tumor purity as revealed by pathology 

review [Figure 4d] and bulk sequencing [Figure 4e], Tapestri data identified 40 out of 

3866 nuclei (1%) of this sample carrying at least one of KRAS p.G12V, TP53 p.R186H, 

or SMAD4 p.508D [Figure 4f, g]. Again, the driver variants were genotyped with high-

quality read data. 

3. Preliminary biological insights to be gained 

For a PDAC surgical resection case PR02, based on both MSK-IMPACT sequencing (high-

depth targeted sequencing) and bulk WES, we identified that the major tumor clone carried 

the hotspot KRAS p.G12D mutation; hints of a minor KRAS p.G12V clone existed but 

were on the borderline of the technologies’ detection sensitivity [Figure 5a]. Single-

nucleus genotype heatmaps and Venn diagrams [Figure 5b–e] of multiregional samples 

PR02-3 and PR02-4 suggested colocalization of the major KRAS p.G12D with another 

likely driver TP53 p.C203Y, which signified the major tumor clone in this sample; the 

minor KRAS p.G12V -bearing clone was mutually exclusive with the above two drivers 

and did not colocalize with any known driver gene mutation at similar clonal frequency. In 

PR02-4, while the major clone consisted of 221 cells (6.12% of all cells), the minor clone 

was only 12 cells (0.33% of all cells, Figure 5e), further buttressing the technology’s 
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sensitivity. The minor KRAS p.G12V clone in both samples was substantiated with high-

quality read data; digital droplet PCR (ddPCR) also proved the presence of the KRAS 

p.G12V [130]. Pathology review did not identify any apparent secondary neoplastic or 

metaplastic structure [Figure 5f]. This observation aligns with several other studies [55], 

[142] in suggesting that multiple KRAS genetic variants may coexist in one patient’s 

PDAC precursor/tumor.  

 

Figure 5. SnDNA-seq identified two mutually exclusive clones bearing two different 
KRAS mutations in one pancreatic cancer patient. 

a. Bulk-sequencing calls of KRAS variants of patient PR02’s 4 multiregional primary 
tumor samples. Venn diagram showing colocalization pattern of genetic 
variants TP53 p.C203Y, KRAS p.G12D, KRAS p.G12V in single nucleus of samples 
PR02-3 (b), PR02-4 (c). Single-cell genotype (HOM homozygous mutation, HET 
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heterozygous mutation, WT wildtype) heatmap of samples PR02-3 (d), PR02-4 (e, 
zoomed in on 300 cells where tumor cells cluster). The KRAS p.G12D & p.G12V clone 
identities (above heatmaps) are identified as cells having “HET” or “HOM” genotype of 
each variant and are colored as labeled. Cells are hierarchically clustered based on the 
two KRAS variants’ single-cell AF. KRAS p.G12V clone size was 57 cells in PR02-3, 17 
cells in PR02-4. f. Representative H&E histology images of sample PR02-3. At least 3 
representative pictures were taken per sample and yielded similar results. 

 

4. Discussion 

In this preliminary study, we used two commercially available products to assemble a 

highly automated workflow to generate Tapestri snDNA-seq libraries from snap-frozen 

patient tissues. The workflow is fast, efficient and can be applicable for high-throughput 

clinical and translational research. Additionally, we recognized the value of storing excess 

single-nuclei suspensions for later use and verified a corresponding workflow that was free 

from issues such as nuclei quantity loss, nuclear envelope damage, or nuclei clumping. 

This workflow further illustrates the ability to maintain information pertaining to relative 

VAFs compared to matched WES data. Furthermore, while our custom panel was not 

designed for identification of CNVs, specifically homozygous deletions, we demonstrate 

the proof of principle that these events could be identified with confidence. These 

encouraging results, combined with the added information gleaned pertaining to co-

occurring and mutually exclusive genetic events, suggests this technology and workflow is 

ideally suited to settings in which samples sizes are small or limited. 

A caveat of this snDNA-seq technology is that albeit its high cell throughput, it is a targeted 

approach that focuses on a pre-designed panel of genes which might be insufficient for 
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certain research questions that require unbiased study of the cancer exome/genome [143], 

[144]. This also implies a general challenge of single-cell research: because the total library 

size is limited by sequencing cost and data processing capacities, there is always a trade-

off between the total cell throughput and the amount of information one can extract from 

each single cell. 

Sequencing depth, usually defined as the mean number of times any nucleotide is read, is 

a straightforward and critical metric for bulk sequencing- it can be easily controlled by 

adjusting the total sequencing depth of a sample and decides the accuracy of estimating 

relative clonal composition of SNVs based on variant allele frequencies (VAFs) as well as 

the power of discovering rare SNV clones. Similarly, for Tapestri we calculated depth as 

the mean number of reads per amplicon per cell and determined the optimal depth. 

However, because reads need to be first demultiplexed and assigned to individual cell 

barcodes, and then undergo barcode quality control (QC or “cell-calling”, “Methods”), the 

depth is affected by not only the total read depth, but also the number of single cells that 

pass QC and the proportion of reads assigned to these cells, which could be panel- and 

sample-specific. For example, at the same total read depth, a sample with more incomplete 

cells/nuclei (e.g. autopsy samples with high necrosis rate) would have a lower percentage 

of reads assigned to quality cells and therefore lower depth. Therefore, it is difficult to 

precisely control depth through altering the total depth; it might be advisable to sequence 

to a total read depth that is economically feasible first, inspect the data, and sequence more 

if needed. 
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Another caveat, in this instance related to our computational analysis used for this 

published project, is that the current variant calling pipeline for Tapestri applied GATK 

HaplotypeCaller and enabled default read downsampling which might be suboptimal for 

such high-depth single-cell data in a cancer setting. We did not apply matched 

normal/panel of normal (PON)-aided filtering in our pipeline; a benefit of this approach is 

that it enabled us to see many germline variants that can be used for quality control or 

phylogeny modeling, although this benefit is balanced by outputs containing many artifacts. 

To enable novel somatic variant discovery, a more robust variant calling pipeline is needed 

to adapt to the noise profiles particular to this PCR-based high-throughput single-cell DNA 

sequencing technology. This will be addressed in Section 3. 

The field of single-cell transcriptomics began earlier than single cell genomics, and 

accompanying analysis methods have been flourishing in the past 5 years [145], [146]. 

Single-cell transcriptome-oriented methods, such as clustering or gene-set enrichment 

analysis, are generally not optimal for targeted single-cell genomic data, where the cell-

cell difference is much smaller, often only on a small set of genomic regions. The best 

method would be to rely on the ancestor-descendent relationship between every pair of 

cells’ genomic sequence and build single-cell phylogenies. Several models for the 

evolution of SNVs in cancer have been developed to date [147], [148], [149], [150], [151], 

[152], [153], but only two [152], [153] have been constructed to also account for the 

frequent, complex aneuploidy in cancer, one of which is directly applicable to the dataset 

presented in this paper [153] but its accuracy is yet to be tested. Clustering single cells 

based on both SNV and CNV in PA04’s multiregional samples, we were able to resolve 
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stepwise evolution patterns in metastatic PDAC, showing single-cell-level convergent 

evolution to inactivating the TGF-β pathway, although at a limited resolution [130]. 

Therefore, better methods need to be developed and tested to analyze this new dataset 

further. This was another significant motivation for our work to be described in Section 3. 
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Section 3: Development of a pipeline to resolve 

genomic evolution from snDNA-seq data 

Single-cell/nucleus RNA sequencing, popular in general biological sciences and having 

wide-ranging applications nowadays, surveys the transcriptomics of single cells which is 

much more abundant in quantity than the genome, and asks questions about sets of genes 

in groups of single cells. But for targeted single-nucleus DNA sequencing the genome 

needs to undergo amplification before sequencing, which results in a different error profile. 

Given the data's high density (for each gene, there's significant read information in virtually 

all single cells), we also seek to investigate events at the single-cell level and utilize them 

to infer evolutionary dynamics. As mentioned in the previous section, due to the novelty 

of this single-cell DNA library preparation method, there has not been a lot of development 

on its corresponding bioinformatics and downstream analysis. Therefore, we saw the need 

to develop a set of bioinformatics/computational analysis tools ourselves to maximize the 

insights to be gained from this dataset. 

 

1. The bioinformatics pipeline for mutation calling 

1.1 background 

Given the snDNA-seq's high sensitivity, I was not only expecting it to (1) output single-

cell level information on small mutations (single-nucleotide variants, SNVs; insertions and 

deletions, indels) already detected by bulk sequencing on the matched tissue, but also (2) 
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discover low-prevalence mutations de novo. The technology's inventors Benjamin 

Demaree and Cyrille Delley developed a pipeline [154], which was later adapted by the 

startup company Mission Bio into its Tapestri pipeline. But upon testing, I found that both 

versions could only achieve (1) but not (2), as (2) requires a more stringent quality control 

process to remove false positives which are of high abundance in the data. 

From a technical perspective, neither of the above two pipelines were written in a way that 

optimizes efficiency while being run on a high-performance computing (HPC) system, 

where thousands of cores could be leveraged in parallel and greatly speed up the whole 

process. To give an example, the Tapestri pipeline's variant calling step has to run as one 

entity over 36 cores and usually take overnight (6hr+); but the pipeline that I developed 

and will be described in detail below can scatter over thousands of cores of the MSK HPC 

system and finish in 1 hour or so. 

1.2 an efficient pipeline for mutation calling and preliminary variant filtering 

As a first pass, with aligned single-nucleus DNA libraries, I used Mutect2 (GATK 4.2.5.0) 

for mutation calling. Different from the original Tapestri pipeline, I applied technical filters 

at the single-cell level right after mutation calling. Filters included: 

base_qual/low_allele_frac/weak_evidence/slippage/multiallelic/clustered_events. 

Required minimum depth was 4 reads and variant allele frequency (VAF) was 0.2. This 

showed effectiveness in removing many alignment-related artifacts. 

Then, I concatenated all single-cell mutation calls into the sample's consensus mutation list 

and do a joint genotyping. But in the midst, I applied a prevalence filter to remove 
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mutations present in < 3 as these are very likely PCR-caused false positives, and are of a 

number high enough to be computationally expensive for the rest of the pipeline. 

Importantly, I used Snakemake [155], a workflow management system that was designed 

to be seamlessly scaled to server, cluster, grid and cloud environments, to parallelize each 

step that only required looking at each individual cell (i.e. single-cell-level variant 

calling/genotyping). Additionally, it enables high-fidelity execution of the pipeline due to 

its output-dependent execution model that ensures that all desired output files are generated 

and up-to-date, which is crucial for such high-throughput snDNA-seq data with thousands 

of intermediate files per step. 

1.3 a series of quality control steps to remove false positive variants for de novo 

mutation calling 

With an average throughput of 2000+ single nuclei per sample, this snDNA-seq approach 

has a theoretical sensitivity of calling short mutations, including single nucleotide variants 

(SNVs) and insertions and deletions (indels), present at 0.15% single-cell prevalence, 

assuming events present in only 3 cell are considered. But many rare mutations could be 

from PCR /sequencing errors. To enable de novo mutation calling, we took several steps 

of quality control, inspired by bulk DNA sequencing bioinformatics. 

Filtering by relative prevalence and mutational signature 

In samples taken from different organ sites, we noticed a significantly uniform mutational 

signature enriched in mutations <0.5% single-cell prevalence detected by this snDNA-seq 

technology [to-be-published data]. As different types of human tissues have been shown to 
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display distinct mutational signatures and the uniform signature did not seem to match any 

of them [27], [156], we decided to use 0.5% single-cell prevalence as the threshold to call 

mutations. Rare T>C variants, enriched in this likely artifact signature, were also filtered 

out from the final output. 

Detecting rare variants leveraging multiregional sampling 

Sampling multiple regions of a tumor enables mutations that have a large clonal fraction at 

one site but lower than detection threshold fraction at another to be captured. Therefore, 

mutations from all samples of the same tumor were pooled and genotyped in all single 

nuclei with bcftools. 

Assembly of a panel of normal 

A panel of normal (PON), proven effective in eliminating library artifacts in bulk 

sequencing [cite], was assembled for snDNA-seq from three sources: 

8 unrelated normal pancreas samples were subject to the same snDNA-seq sequencing and 

mutational calling process (up to filtering by prevalence). Variants called in >= 4 

unmatched normal samples were discarded. 

SnDNA-seq SNV lists of all PDACs studied here were concatenated, and variants called 

in >= 3 patients, except for those in known hotspot (KRAS codon 12), were discarded. 

Manual curation proved this effective in removing low-prevalence SNVs likely caused by 

library error, and confirmed that no driver mutations identified by matched bulk sequencing 

were discarded. 
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Variants present in a bulk WES PON (gs://gatk-best-practices/somatic-b37/Mutect2-

exome-panel.vcf) were discarded.  

To retain real SNPs/SNVs with high occurrence frequency in the population, variants with 

a frequency > 0.01 in the 1000 Genome Project were whitelisted. 

Additional filters for phylogenetic analysis 

As our phylogenetic analysis relies on high-density single-cell VAF signal of mutations, 

those with >0.3 biallelic dropout (ADO) rate in any sample were discarded.  

A diagram describing the above pipeline is shown in Supplementary Figure X, and the code 

repository is available at https://github.com/haochenz96/TapVarCallSmk. 

 

2. Single-cell copy number clones clustering 

With Palash Sashittal 

2.1 background 

Multiple evolutionary models have been proposed to construct tumor phylogenies from 

scDNA-seq data. Early works used SNVs as evolutionary markers, and relied on 

the infinite-sites model which states that an SNV can be gained only once and never be 

subsequently lost in the phylogeny [157]. While the same SNV occurring independently 

more than once is rare [158], loss of SNVs due to copy-number deletions is common in 

cancer [147]. To account for these losses, other works [159], [160], [161], [161] use some 
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variant of the k-Dollo model [162], in which a mutation can be gained at most once but 

may be lost at most k times during the course of the evolution, where k is a user-defined 

integer.  

A major limitation of the methods above is that they do not utilize any information about 

CNVs, which can often also be derived from scDNA-seq data. This limitation is addressed 

in methods such as SCARLET [152], BiTSC2 [163], and COMPASS [153] which 

incorporate copy-number information during phylogeny inference. SCARLET introduced 

a novel loss-supported Dollo model that requires the copy-number profile of each cell and 

the copy-number phylogeny as input. BiTSC2 and COMPASS, on the other hand, 

construct a joint phylogeny with both SNV and CNV events. However, these methods rely 

heavily on accurate and simultaneous identification of SNVs and CNVs on the same set of 

cells, which is challenging with the current scDNA-seq technologies [164]. 

Current scDNA-seq technologies fall into one of two classes which focus on either SNV 

or CNV. First, whole genome scDNA-seq technologies yield data with roughly uniform 

coverage of the whole genome but with low depth at any particular locus, making it suitable 

for detection of CNV in large genomic region but too sparse for detecting point mutations 

in single-cells [143], [144]. By contrast, the Mission Bio Tapestri platform used in our 

work [130] performs high-coverage targeted sequencing (>80× coverage) of hundreds of 

amplicons from thousands of cells, allowing accurate identification of SNVs. While this 

entailed the infeasibility of detecting large-scale CNVs, based on our initial testing it still 

allowed for clustering cells into clones with distinct copy number profiles [165], and crude 

absolute copy number calling at genes of interest in each clone. 
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Herein we have introduced a new evolution model for scDNA-seq - the constrained k-

Dollo model - which takes into both SNV and CNV signals to compute phylogenetic trees. 

The majority of the project’s preliminary technical details and validation have been written 

and published with my collaborator Palash as the first author; I have mostly contributed to 

adapting this model for our particular dataset and building the updated tool named fast 

Constrained Dollo Reconstruction (fast-CONDOR) to derive new biological insights, 

which I will describe briefly below. A full publication is being prepared as this thesis is 

being written. 

As the first step, according to the model, cells must first be partitioned into copy number 

(CN) clones. Several methods were attempted, and a negative binomial mixture model 

stood out because (1) the CN clones called roughly conformed to those from other callers 

[166] (2) more importantly, LOH events were easily identified from mutation VAF signals 

between clones, which orthogonally validated the partitioning of cells, while also provided 

ideal inputs for fast-CONDOR which models mutation losses. 

2.2 Clustering for copy number clones from snDNA-seq data 

Suppose we measure the number of reads aligned to 𝑚 genes, each covered by 𝑑 amplicons, 

from 𝑛 cells. We represent this measurement by a read count tensor 𝑅, where 𝑟!,#,$ is the 

number of reads aligned to amplicon 𝑙 of gene 𝑗 in cell 𝑖. Suppose the cancer tumor is 

comprised of 𝑝 copy number clones. We assume that all loci of a gene have the same copy 

number, except in regions of focal homozygous deletions, where the copy number is 0. The 

copy number clones thus be represented by two matrices, (1) copy number matrix 𝐶, where 
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𝑐%,# is the copy number of gene 𝑗 in clone 𝑘 and (2) homozygous deletion matrix 𝐻 where 

	ℎ%,#,$ is 0 if amplicon 𝑙 of gene 𝑗 lies in a region that has been homozygously deleted in 

clone 𝑘 . We encode the membership of cell 𝑖 to one of the 𝑝 copy number clones by 

random variable 𝑍 where 𝑧!,% = 1 if and only if cell 𝑖 belongs to copy number clones 𝑘. 

Note that since each cell belongs to exactly one copy number clone, we have ∑ 𝑧!,%
&
%'( =

1 . 

We model the number of reads aligned to an amplicon by a negative binomial model, where 

the mean of the distribution is proportional to the copy number of the genomic region 

spanned by the amplicon. Specifically, we model the read count 𝑟!,#,$ for cell 𝑖 belonging 

to copy number clone 𝑘 as follows, 

𝑟!,#,$ ∣ 𝑧!,% = 1 ∼ 𝑵𝑩9𝜇 = ℎ%,#,$𝑐%,#𝑓#,)𝑇! , 𝜙 = 1/𝛽#,$A	

	

where 𝑇!  is the total number of reads in cell 𝑖  , 𝑓#,$  is the amplicon-specific factor 

amplification factor of amplicon 𝑙  in gene 𝑗  and 𝛽#,$  is the heterogeneity (dispersion) 

parameter of amplicon 𝑙 in gene 𝑗. Importantly, we would empirically measure 𝑓!,$ , 𝛽#,$ by 

orthogonally running the same snDNA-seq experiment on diploid nuclei from normal 

samples and fit the model to the observed read count matrix with 𝐶 set to a one-dimensional 

vector of 2’s (we assume every cell belongs to the diploid cluter) using maximum 

likelihood. 

Then in tumor samples where there are mixtures of tumor and normal cells, we assume that 

the cells are sequenced independently. Let 𝛼⃗ = 9𝛼(, … , 𝛼&A be the mixing proportions of 
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the 𝑝 copy number clones such that ∑ 𝛼%
&
%'( = 1 . Importantly, 𝑝 is a hyperparameter we 

need to define based on observation of model performance, which will be detailed below. 

The likelihood of observing read count matrix 𝑅  for a given copy number matrix 𝐶  , 

homozygous deletion matrix 𝐻 and clone proportions 𝛼⃗ is as follows, 

𝐏𝐫( 𝑅 ∣∣ 𝐶, 𝐻, 𝛼⃗ ) =III𝐏𝐫9𝑟!,#,)A
*

)'(

+

#'(

,

!'(

	

=IJII𝑃9𝑟!,#,) ∣∣ 𝑧!,% = 1 A
*

)'(

𝐏𝐫9𝑧!,% = 1A
+

#'(

&

%'(

,

!'(

	

=IJ𝛼%II𝐏𝐫9 𝑟!,#,) ∣∣ 𝑧!,% = 1 A
*

)'(

+

#'(

&

%'(

,

!'(

	

We define the copy number calling problem as follows. 

Copy number calling 

For a given read count tensor 𝑅 for 𝑛 cells and 𝑚 genes with 𝑑 amplicons, find the copy 

number matrix 𝐶  , homozygous deletion matrix 𝐻  and copy number clone proportions  

𝛼⃗ = 9𝛼(, … , 𝛼&A   where 𝑝  is a hyperparameter, that maximize the likelihood 

Pr( 𝑅 ∣∣ 𝐶, 𝐻, 𝛼⃗ ) . 

As we ran the model, we tried different 𝑝 hyperparameters, usually from 2 to 10 because 

we observed that as 𝑝 increased, the number of unique clones generally plateaued around 

10. In the end, we would pick the one that resulted in the highest inter-cell heterogeneity, 

so as to provide the highest granularity to phylogeny inference later.  
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While this initial clustering proved to be useful for directly calling homozygous deletions 

and high-level amplifications, it usually overfit by calling too many clones due to the 

overdispersion of PCR-amplified read counts. Therefore, a refinement step after phylogeny 

inference would merge clones that have no SNV gain/SNV LOH/SNP LOH event between 

them, ensuring that the final copy number clones were supported by both CNV and SNV 

signals.  

 

3. Phylogenetic inference from snDNA-seq data 

With Palash Sashittal 

3.1 background 

Again, the backbone of the phylogenetic inference algorithm has been well described in 

our previously published paper [165]. Herein I will highlight major updates we made to 

the model since then. 

3.2 a simple statistical test for clonal relationship between two mutations 

Before we jump into phylogenetic inference with the many complex SNV and CNV signals, 

a simple question we would run into with snDNA-seq is: given two SNVs’ distribution of 

reads across single cells, how can we measure their clonal relationship – whether they are 

colocalizing in the same set of cells or mutually exclusive? Or expanding this to more 

general application, if we can calculate the probability of presence of any two genomic 
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events (heterozygous SNV, homozygous SNV, homozygous deletion etc.) in a set of cells, 

how do we measure their clonal relationship? 

From a statistical perspective, we need to calculate a p-value that tells us how likely two 

mutations are colocalizing/mutually exclusive by random chance.  

Suppose we have a probability matrix 𝑃 ∈ [0,1],×+ for 𝑛 cells and 𝑚 mutations, where 

𝑝!,# is the probability that mutation 𝑗 is present in cell 𝑖. For any two mutations 𝑗 and 𝑗. , 

let 𝑌 be the random variable that denote the number of observations of mutual exclusivity 

across the 𝑛 cells, i.e. the number of observations of either (0,1) or (1,0) gametes in the 

mutation matrix. Assuming that the mutation states of cells are independent, 𝑌 is a Poisson 

binomial variable with parameters: 

∗ 𝑝 = {𝑝!,#91 − 𝑝!,#!A + 91 − 𝑝!,#A𝑝!,#!: ∀𝑖 ∈ [𝑛]}. 

We define a null distribution that conserves the marginal expectation of the number of 

occurrences of each mutation across the 𝑛 cells. 

Specifically, we define probability matrix 𝑃. such that: 

𝑝!,#. =
∑ 𝑝!,#,
!'(

𝑛 . 

Let 𝑋 be the random variable that denote the number of observations of mutual exclusivity 

for mutations 𝑗 and 𝑗. across the 𝑛 cells under the null distribution. 

𝑋 is a binomial variable with 𝑛 trials and probability of success given by: 
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𝑝 =
∑ 𝑝!,#,
!'(

𝑛 \1 −
∑ 𝑝!,#!,
!'(

𝑛 ] + \1 −
∑ 𝑝!,#,
!'(

𝑛 ]
∑ 𝑝!,#!,
!'(

𝑛 . 

The p-value for rejecting the null hypothesis is given by 𝑃𝑟(𝑋 ≥ 𝑌) . 

Read count model 

As mentioned above, we hope to statistically test for multiple types of genomic events. The 

simplest case is presence of a mutation, which has been well modeled in many previous 

works [149], [152] and also described in the CONDOR paper. We just need to vary it for 

other genomic events: 

o A mutation being in a homozygous state is modeled as absence of the reference 

allele. 

o A mutation being lost is modeled as absence of the alternate allele. 

o An amplicon being homozygous deleted can be simply modeled as an indicator 

function with hard thresholding (e.g. total read count = 0). 

The mutual exclusivity test 

We formally define hypothesis testing problem as follows: 

Given a probability matrix 𝑃 and two mutation 𝑗 and 𝑗., find the p-value Pr(𝑋 ≥ 𝑌), where 

𝑌 and 𝑋 is the number of occurrences of gametes (0,1) and (1,0) for mutation 𝑗 and 𝑗. 

under the alternate and the null hypothesis, respectively. 
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If we want to test for occurrence of different gametes, we simply modify the indicators in 

the model: i.e. if we testing for colocalization, we would set the gametes to be (0,0) and 

(1,1). 

 

3.3 the updated fast-CONDOR algorithm 

Building the model 

The constrained 𝑘 −Dollo model integrates SNVs and SNPs with partial information about 

CNVs on the same set of cells during phylogeny inference. Specifically, the model 

incorporates CNVs via a clustering of cells, where all cells in the same cluster have the 

same copy-number profile (the copy number of all loci across the genome). 

It involves the following four constraints: 

1. a mutation is allowed to be gained at most once in the phylogeny. This constraint 

stems from the infinite-sites assumption which posits that it is very unlikely for the 

same position in the genome to get mutated multiple times independently. 

2. a mutation can be lost at most 𝑘 times in the phylogeny, where 𝑘 is user-defined 

parameter. 

3. since reversal of mutations back mutations in cancer are rare, we assume that SNVs 

and SNPs can only be lost due to overlapping CNVs. As such, mutation losses are 

only allowed between cells that belong to distinct copy-number clusters. 
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4. we assume that each copy-number profile describing the copy number states over 

the entire genome arises only once in the phylogeny. Consequently, all cells 

belonging to the same copy number cluster form a connected subtree in the 

phylogeny. 

 

The original CONDOR algorithm suffers the scalability issue on thousands of cells, 

common in this PDAC snDNA-seq dataset. Herein we developed a scalable version “fast-

CONDOR” to build coarse-grained tumor phylogenies at the copy number cluster level. 

Specifically, each mutation can have one of the following four states for each copy number 

cluster -- (1) none of the cells contain the mutation (state 0), (2) some of the cells contain 

the mutation (state (+) ), (3) all the cells contain the mutation (state 1 ), and (4) all the 

cells have lost the mutation (state 2). 

Under the constrained 𝑘-Dollo model, since a mutation can occur at most once in the 

phylogeny, each mutation can be gained in at most one of the copy number clusters. As 

such, for each mutation, there can be at most one copy number cluster with state (+). 

Further model details, including construction of the objective function, optimization, are 

similar to as described in the CONDOR paper, therefore omitted here. They will be 

elaborated in our upcoming publication. 

Creating the inputs 

Furth Inputs to the model include:  
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1. CN clones from the previous section. 

2. mutation signals, in the form of total read depth and alternative read count matrices. 

3. annotation of the mutations, differentiating between germline heterozygous SNPs 

(which could undergo LOH) and somatic SNVs (which could undergo both gain 

and LOH).  

To get 3, mutation calls from snDNA-seq were compared with bulk data of matched normal 

and tumor to get germline/somatic status. Homozygous SNPs, identified as those with 

pseudo-bulk VAF > 0.9 in snDNA-seq, were filtered out. Upon testing CONDOR, we 

found a set of loci recurrently called as LOH in nonneoplastic clones (i.e. cells without 

driver mutations such as KRAS, TP53) in multiple patients, likely arising due to artifactual 

allelic imbalance at corresponding amplicons caused by PCR. These loci were manually 

selected and filtered out. 

Refining the outputs 

After CONDOR optimizes a tree with above events attached to the branches, the CN clones 

as main leaves, and sub-CNV-clone SNV events and cells into subtrees, the outputs are 

refined with following steps: 

1. CN clones fitting any of the following criteria are merged into the diploid clone at 

the root:  

a. smaller than 0.1% of total cells. 

b. have no additional SNV events than the diploid clone. This entailed CN clones 

with only LOH events being merged. This was implemented because based on 



 

 

 
58 

observation of our samples, such clones always had only likely false positive 

LOHs called, thus could not be confirmed. 

2. internal nodes’ CN profiles were inferred by Sankoff’s algorithm [167]. 

3. edge lengths were calculated combining SNV/LOH events and CNV events: 

 

N(somatic SNV gains/LOHs) ×  p1  

+ N(germline SNP LOHs) ×  p2  

+ CNV distance ×  p3 

 

where: 

o CNV distance was defined as the L1 norm of two clones’ CNV profile vectors’ 

difference. Only amplicons targeting genes covered by >= 3 amplicons were used. 

o p1, p2, p3 were normalization factors determined empirically: p1 = 100/3, p2 = 

100/3, p3 = 0.5. 
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Section 4: Genomic evolution of pancreatic cancer 

at single-cell resolution 

1. Introduction 

Armed with the wet-lab and dry-lab pipelines established in the previous sections, we can 

now proceed to the main goal of this work: to study the genomic evolution of pancreatic 

cancer at single-cell resolution.  

2. Mutational and evolutionary landscape of pancreatic cancer 

at single-cell resolution 

2.1 Cohort overview 

We studied the single cell genomic features of 23 patients with a primary pancreas 

neoplasm. The final pathologic diagnosis of 22 patients was PDAC and one was diagnosed 

with acinar cell carcinoma (ACC) [Figure 6A]. We opted to study the latter patient given 

they contained a germline mutation in BRCA2; four of the 22 PDAC patients had gBRCA2 

mutations as well (discussed further in later sections). For 20 patients, at least two spatially 

distinct samples were studied per patients to capture spatial heterogeneity. To capture 

single cell features at various clinical stages the cohort included samples from patients with 

both early-stage disease collected from surgical resections (n=8) and late-stage 

unresectable disease from research autopsy (n=11). Matched longitudinal biopsies taken 
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by 22-guage core needle biopsies before and after treatment were collected from 5 patients 

[Supplementary Table 2].  

To discern the genetic features of our cohort, we performed targeted snDNA-seq using a 

custom designed 596-amplicon panel targeting essential genes of PDAC; genes affected 

by both single nucleotide variant (SNV), small insertion/deletion (indel) and/or copy 

number variations (CNV) were considered [Supplementary Table 3; Methods]. In total 

127,859 single-nucleus DNA libraries were profiled by this panel with a mean of 1827 

single nuclei studied per sample (range 50-7540), and 5559 per patient (range 329 - 20123) 

[Figure 7A]. Bulk whole-genome/exome sequencing (WGS/WES) data were collected for 

each tumor and matched normal sample simultaneously for quality control of 

germline/somatic event calling. 

While resected/autopsied samples were large enough to be embedded in optimal cutting 

temperature (OCT) compound and inspected to ensure cellularity and tumor purity (cite 

your own paper), longitudinal biopsies were usually too small (<8mm^3) to be embedded 

and had to be extracted and sequenced without controlling for the two variables, thus 

resulting in many such samples to have lower than optimal throughput (thousands of 

nuclei). Nevertheless, even TP12 endoscopic ultrasound (EUS) biopsy with the lowest 

yield of 49 nuclei resulted in useful genotype information (Figure 7B), thus proving the 

feasibility of applying this snDNA-seq approach to routine pancreas biopsied samples. 
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Figure 6. Study overview; genetic and phylogenetic features of the cohort. 

a. sample collection procedure. Frozen primary tissues were first processed into single-
nuclei suspension and targeted sequenced following our previously published protocol. b. 
overview of computational pipeline. The raw FASTQ data were demultiplexed and aligned 
as previously described. Single-nucleus BAM files then went through two orthogonal 
modules. (i) CNV clones were called by clustering the per-amplicon read count matrix (ii) 
SNVs in each nucleus were called. The two modalities were fed into CONDOR, the 
phylogeny inference module, to infer a consensus phylogeny. c. SnDNA-seq oncoprint. On 
the x-axis: cases are sorted by their respective number of mutational events in descending 
order from left to right. On the y-axis: genes are sorted by the number of alterations in the 
patient cohort in descending order from top to bottom. Within the grid, the square size is 
proportional to the cancer cell fraction (CCF) of each alteration; the square color 
corresponds to the type of alteration, as indicated by the legend on the right. d. All 
phylogenetic trees in condensed format. Each row represents on case’s phylogeny with the 
case name labeled on top. The y-axis represents inferred copy number variation (CNV) 
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distances among clones (grey circles). Therefore the longer the branches of a phylogeny, 
the higher CNV complexity/heterogeneity its clones have. The size of the circle is 
proportional to the number of cells. For events on the edge: red triangles ▲ indicate gain 
of SNVs; purple triangles ▲ indicate LOH of SNVs; green squares ■ indicate LOH of 
germline SNPs. 
 
 
 
 

 
Figure 7. Technical details of the snDNA-seq pipeline. 

a. SnDNA-seq library nuclei yield for each sample, colored by sample collection method. 
b. example single-cell mutation heatmap. Mutations (columns) are called and their variant 
allele frequency (VAF) in each single cell is plotted as the heat. Semi-continuous 
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( {missing, [0, 100]} ) VAF values are represented by the legend on the right. Based on 
their signals in orthogonal bulk sequencing of the matched normal and tumor, mutations 
are colored green (germline homozygous), blue (germline heterozygous), red (somatic), 
black (novel to snDNA-seq). The yellow SNVs are labeled as noisy loci that suffered from 
library preparation artifacts and are filtered out. The germline heterozygous SNPs and 
somatic SNVs are input for phylogeny inference.  
 

2.2 Genetic features of cohort 

We designed a novel bioinformatics pipeline for this unique snDNA-seq dataset [Figure 

6B) and detected somatic SNVs, indels, monoallelic and/or biallelic losses in at least one 

known driver gene in all cases analyzed [Figure 6C]. Activating KRAS mutations were 

identified in all but one PDAC (95%). Alterations in TP53 (78%), CDKN2A (74%), and 

SMAD4 (65%) were also observed at high frequency, as expected [141]. Somatic 

alterations noted at lower frequency included SMAD2, SMAD3, TGFBR1, TGFBR2, 

ARID1A, ARID2, BRCA2 and RNF43. Copy number alterations identified included 

amplifications in MYC (48%), GATA6 (17%) and MTOR (6%), as well as biallelic loss 

(homozygous deletion, homdel) in genes such as CDKN2A, SMAD4 and TGFBR2. A 

technical strength of snDNA-seq compared to bulk sequencing is that it enables direct 

calculation of each alteration’s corresponding cancer cell fraction (CCF); as a result we 

could distinguish between clonal drivers such as TP53 (mean CCF = 0.85), RNF43 (0.83), 

CDKN2A (0.79), MYC (0.78), and subclonal drivers such as SMAD4 (0.71), TGFBR2 

(0.55), ARID1A (0.42) [Figure 6C, square size]. 

The snDNA-seq approach expands point mutation (SNV/indel) calling sensitivity from 

bulk sequencing’s 2% to 0.5% single-cell prevalence. At this resolution, we observed a 

subset of genes with an increased frequency of point mutations than reported in bulk 
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sequencing studies. For example, ARID1A mutations were present in 26% of our cohort 

compared to 6% in The Cancer Genome Atlas (TCGA) (p=0.0015) and 14% in the 

International Cancer Genome Consortium (ICGC) (p=0.16) [55], [56] [Figure 6B].  

Further, subclonal and subgene (affecting only a part of the gene) monoallelic/biallelic 

losses are difficult to detect with common bulk sequencing methods, particularly for PDAC 

where tumor purity is often limited. We leveraged our targeted snDNA-seq method by 

evaluating each mutant loci’s variant allele frequency (VAF) and single amplicons’ (200-

300 base pairs) read count, after accounting for amplicon dropout rates, to detect such 

events in small groups of cells. For instance, we detected a SMAD4 homozygous deletion 

in case TP12 by complete missing signal (zero read) of 1 of 11 amplicons targeting the 

gene, corresponding to its last exon, in a subset of cells (Figure 8A). Thereby we detected 

a higher alteration frequency of CDKN2A and SMAD4 (74% and 70%, respectively) than 

reported by TCGA (30%, 32%) and ICGC (30%, 27%). Specifically, we detected biallelic 

loss (homozygous deletion) of CDKN2A in 70% cases and SMAD4 in 30% cases, which 

are comparable to the numbers (around 60% for CDKN2A and 40% for SMAD4) found in 

a mixed cohort of primaries/metastases using microdissection to enrich for tumor content 

[57]. We also detected high frequency of monoallelic losses (loss of heterozygosity, LOH) 

affecting TGFBR1 (21%) and TGFBR2 (39%). We interpret these findings to reflect the 

increase in sensitivity by our assay rather than more extensive sampling, as these rates are 

also higher than reported in in a recent study of 91 multiregion sampled PDAC research 

autopsies [to-be-published work from my lab]. 
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2.3 Major patterns of evolutionary trajectory 

In addition to novel methods of calling somatic variants, we developed a new 

computational approach to reconstruct the single-cell clonal phylogeny from each patient. 

Briefly, this method first clusters cells into copy number variation (CNV) clones, and uses 

germline single-nucleotide polymorphism (SNP) and somatic single-nucleotide (SNV) 

allelic information to build a clonal phylogeny at single-cell resolution [Figure 6C] [165]. 

Figure 6D illustrates the phylogenies generated from this method. A mean of 2.57 truncal 

driver SNV events were covered by our panel. Among all somatic driver gene SNVs 

identified, on average 74% were truncal in origin (i.e. occurred before the most recent 

common ancestor (MRCA) of all clones identified).   Similarly, 78% of CNV alterations 

affecting driver genes occurred prior to the MRCA. Collectively, this pattern of early 

fixation of drivers followed by generation of intratumoral heterogeneity by copy number 

variation is consistent with multiregional bulk sequencing of larger PDAC cohorts [36], 

[122]. 
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Figure 8. Novel features of the snDNA-seq dataset. 

a. SnDNA-seq identified focal homozygous deletion (homdel) of SMAD4. Left, single-cell 
mutation VAF heatmap, with cells grouped into phylogenetic clones. The clustered heat of 
the RNF43, TP53, KRAS mutations indicate the tumor cells carrying these mutations. Right, 
single-cell amplicon-level binarized read count (zero or non-zero number of read) heatmap. 
The clustered heat at the last SMAD4 amplicon indicates a focal Homdel. b. Distribution 
of mutations down to 0.5% single-cell prevalence as detected by snDNA-seq. c. mutual 
exclusivity test of the secondary KRAS p.G12D mutation against the main drivers of the 
RA17_22 PDAC. d. SnDNA-seq identified homdel of three receptor genes of the TGF-β 
pathway in RA16_08. The heatmaps are plotted as described for panel a. 
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3. Traces of convergent evolution  

3.1 paucity of low-prevalence driver gene alterations 

Based on bulk sequencing one or more pathways in PDAC may be affected by convergent 

evolution. For example, KRAS wildtype (WT) PDACs have been shown to have alternative 

genetic mechanisms of activating MAPK-ERK signaling[55], while the TGF-β pathway 

may accumulate genetic alterations in intracellular pathway components (i.e. SMAD4, 

SMAD2) or surface receptors (i.e. TGFBR2) [95]. With snDNA-seq’s increased resolution, 

we asked if within the same tumor, additional clones exist to these or other PDAC-relevant 

molecular pathways that are otherwise unrecognized. Single cell populations of >= 1% 

CCF were included in the oncoplot in Figure 6C, and showed mutations missed by bulk-

sequencing but captured by snDNA-seq: PIK3CA mutation (CCF=0.0375), a SMAD3 

mutation (CCF=0.0134) in M04 and a SMAD4 mutation in TP11 (CCF=0.0113). 

Nonetheless, even at this resolution we found that most PDAC driver pathways contain a 

single genetic event indicating prior strong selection in association with a near total to 

complete clonal sweep.  The only exception was M04, where three mutually exclusive 

clonal lineages carrying (1) TGFBR2 p.K300Tfs*6 (2) TGFBR2 p.A426G/p.M425I (3) 

SMAD3 p.S425F mutations [Figure 9D] showed convergence towards TGF-β inactivation; 

in the same tumor, two mutually exclusively lineages carried (1) FGFR1 p.T17K (2) 

PIK3CA p.E542Q respectively, demonstrating convergence towards MAPK–ERK 

activation.  
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As we extended the threshold to 0.5% single-cell prevalence (not necessarily limited to the 

cancer cell fraction) per sample, low-prevalence mutations to other PDAC drivers were 

detected but did not show strong positive selection (dN/dS = 1.06) [Figure 8B]. In fact, 

possible negative selection was observed when considering for all genes on the panel 

(dN/dS = 0.91), suggesting a purifying effect of cancer growth. One secondary KRAS 

alteration was identified in the primary site of patient RA17_22 (single-cell prevalence = 

0.0083) but showed little correlation with the main tumor clone [Figure 8C]; we did not 

detect any additional secondary KRAS oncogenic alterations.  

 

Figure 9. Convergence towards TGF-β inactivation. 

a. TGF-β alteration status in phylogenies. X-axis: cases are sorted by stage at diagnosis 
from left (early-stage resectable PDAC) to right (metastatic PDAC). Y-axis:TGF-β 
pathway components covered by the snDNA-seq panel are ordered by canonical 
mediators (SMAD4, SMAD2, SMAD3), membrane receptors (TGFBR1, TGFBR2, 



 

 

 
69 

ACVR1B, BMPR1A) and downstream effectors (ARID1A, ARID2). b. for M07, single-cell 
mutation VAF heatmap. c.  for M07, single-cell amplicon-level binarized read count 
(zero/non-zero) heatmap. d. single-cell clonal phylogeny of M04, with mutation events 
(green: germline SNP LOH; red: somatic SNV gain; purple: somatic SNV LOH) labeled 
on the edges. Clone sizes are indicated by the size of the circles.  
 
 

3.2 abundance of inter-patient convergence towards TGF-β inactivation 

Examples of inter-patient convergence for pathway activation were observed, for example 

the FGFR1/PIK3CA mutation in the KRAS WT PDAC M04. 6 of 23 cases had an ARID1A 

mutation, and in one PDAC that was WT for ARID1A (RA16_29) we found two mutations 

in ARID2, also a member of the SWI/SNF pathway [Figure 6C]. 

Unlike these isolated examples, we again found pervasive inter-patient convergence 

towards the phenotype of tumor cell-intrinsic TGF-β unresponsiveness [Figure 9A]. The 

most common form of genetic inactivation of the pathway remains SMAD4, yet 6 other 

genes also have inactivating mutations that do or do not co-occur with SMAD4. The 

majority of these alterations, irrespective of the gene they occur in, are subtruncal in origin 

but occurred prior to the MRCA of the matched metastases. This suggests two features: (1) 

inactivating mutations of the TGF-β pathway have a strong selective advantage in the 

desmoplastic, nutrient-poor pancreas microenvironment; (2) these inactivating mutations 

have a selective advantage for survival in secondary sites.  This is perhaps exemplified in 

PDAC M07 where SMAD4 is deleted in one of the two clones localized to a single region 

of the primary tumor sampled [Figure 9B, C]. Some cases inactivate multiple components 

of the TGF-β pathway, but not SMAD4, the most prominent example being case RA16_08, 

which had three TGF-β family receptors focally deleted [Figure 8D].  
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4. Continous evolution driven by CNVs 

4.1 step-wise inactivation of a single gene 

In addition to convergent evolution, we noted several examples where somatic alterations 

continued to accumulate within a single gene over the course of PDAC evolution. For 

instance, in case RA15_06, TGFBR2’s second amplicon was deleted in virtually all cancer 

cells [Figure 10A, B] whereas CDKN2A amplicons #2, 3, 5 were likely hemizygously 

deleted in clones 3 and 4 [Figure 10C, arrow-pointed]; subsequently the second allele 

was lost which were only localized to clones 1 and 2 corresponding to the left liver 

metastasis [Figure 10D]. We were not confident to call subclonal homdel in the other 3 

CDKN2A amplicons because they had deletion signal in the normal tissue of not only this 

case but multiple other cases, which could likely attribute to primer failure due to high GC 

content in the region. Case RA17_22 (described as PA04 in Section 2) had two independent 

mutations to SMAD4 on the same chromosome and then loss of the WT allele [Figure 

11A]. Homdel to 10 of 11 amplicons of SMAD4 took place in the MRCA of all tumor 

clones [Figure 11B]. The only intact amplicon [Figure 11B, arrow-pointed] was the one 

where the 2 point mutations located to. One subclone exclusively present in the liver 

metastasis and one slice of the primary [Figure 11C, D] had a TGFBR2 LOH event, which 

potentially further contributed to the phenotype of TGF-β inactivation [168]. 

We also noted such a pattern at a BRCA2 locus with germline mutation in BPA-2. The 

inferred tumor phylogeny started with KRAS p.G12D and TP53 p.L344Q heterozygously 

mutated along with LOH at gBRCA2 locus [Figure 10G]. Then it diverged into two 
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branches- the more dominant branch carrying TP53 LOH, CDKN2A homdel and many 

other LOH events; the other branch seemingly had BRCA2 focal homdel at the germline 

mutated locus [Figure 10H, I]. Orthogonal statistical testing on raw single-cell read count 

data validated that the BRCA2 homdel significantly colocalized with a heterozygous TP53 

state (p=0.0078).  

 

Figure 10. Step-wise inactivation of a single gene. 

a. RA15_06 single-cell VAF heatmap for driver SNVs (left) and b. single-cell amplicon-
level binarized (zero or nonzero) raw read count heatmap. c. Inferred total copy number 
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profiles of CNV clones found in RA15_06. For each clone, indicated by color blocks on 
the left, its per-gene total copy number (CN) states are shown, as indicated by the legend 
on the right. Genes (top of x-axis) are ordered by genomic location, while the black/grey 
blocks under each gene represent the number of amplicons covering it. Some amplicons 
were excluded from analysis due to significant noise, thus having “NA”. While all 
amplicons targeting the same gene were constrained to have the same non-zero CN state, 
sub-gene homozygous deletion (0 total CN) was allowed. d. clone compositions at each 
primary/metastatic site sampled of RA15_06. e. single-cell VAF at the driver KRAS locus 
in RA17_22, across tumor clones. f. normalized read count of the KRAS gene in RA17_22, 
across normal/tumor clones. g. BPA-2 single-cell clonal phylogeny. h. BPA-2 single-cell 
mutation VAF heatmap. Note the yellow color of the heat indicates “missing” signal at the 
particular locus X cell, which corresponds to zero read at the amplicon and likely homdel 
in that genomic region. i. BPA-2 single-cell amplicon-level binarized read count heatmap. 
As cells are aligned between the two plots, the homdel signal appears to be shown by both 
the mutation heatmap and the read count heatmap: for CDKN2A, the cluster of cells with 
“missing” at the intron locus in the mutation heatmap correspond to those carrying zero 
read count across all 6 corresponding amplicons.  
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Figure 11. More continous evolution patterns. 

a. RA17_22 single-cell VAF heatmap for driver SNVs b. RA17_22 single-cell amplicon-
level binarized read count heatmap. The intact SMAD4 amplicon carrying the two somatic 
mutations from a. is pointed by the blue arrow. c. RA17_22 single-cell clonal phylogeny. 
d. RA17_22 clone composition at each primary/metastatic site sampled. e. RA17_13 
single-cell clonal phylogeny. f. RA17_13 clone composition at each primary/metastatic 
site sampled. g. 2D density contour plot of the two TGFBR1 mutations’ VAF distribution 
across single cells. h. stripplot of the distributions of normalized read counts of MYC, 
MTOR, GATA6 genes in single cells of RA17_13, split by clones identified from the 
phylogeny.  
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4.2 mirrored loss of heterozygosity of driver mutations 

Such continuous evolution also manifests as LOH of somatic driver mutation loci in 

RA17_13. Two TGFBR1 nonsense mutations were subclonally gained in one of the two 

main lineages of metastatic clones [Figure 11E]. The fact that clones of that branch 

migrated to four spatially distant metastatic sites [Figure 11F] indicated that they likely 

came from a subclone selected for by the primary site rather than any metastatic site. Focal 

analysis of the subclone identified four sub-populations: (i) cells heterozygous for TGFBR1 

p. R80* (shortened as “A”) (ii) cells heterozygous for both mutation A and TGFBR1 

p.R215* (“B”) (iii) cells homozygous for A (iv) cells homozygous for B [Figure 11G]. 

Therefore a likely evolution path would be: some PDAC cell first gained A and clonally 

expanded into (i), gained B and expanded into (ii), and fractions of cells lost either copy to 

diverge into (iii) and (iv) 
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Figure 12. Detailed analysis of snDNA-seq and whole-genome sequencing data of 
RA17_13. 

a. stripplot of the distribution of normalized read counts of MYC gene in single cells of 
RA17_13, split by clones, focused on clones with lower normalized total copy number b. 
structural variant view of an amplicon identified as ecDNA in RA17_13-67_1 by 
AmpliconArchitect. c. circular visualization of the ecDNA identified in RA17_13-67_1. d. 
RA17_13 single-cell mutation VAF heatmap. 
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4.3 focal amplifications  

Aside from deletions, subclonal focal amplification was observed in advanced clones. In 

the tumor clones of case RA17_22, the KRAS mutant locus had allelic imbalance (single-

cell VAF > 0.6); one clone had total loss of the WT allele [Figure 10E]. Coupled with the 

total copy number gains [Figure 10F] this suggests that the mutant KRAS allele at least 

tripled in clone 2.  

In case RA17_13, MYC’s total copy number (CN) state stayed in the normal range in clones 

1 and 2 in the upper branch [Figure 11E; Figure 12A] for clones 3, 4, 5 in the lower branch, 

MYC was uniformly amplified to 20+ [Figure 11H]. Such an amplification pattern was 

inferred to be caused by extrachromosomal DNA (ecDNA) [Figure 12B, C] [169]. We 

interpret the single cells in the normal clone 0 with high MYC CN state to be tumor cells 

that our algorithm could not partition out due to the high total number of cells analyzed 

(n=8820), because they showed positive signal for the main tumor drivers as well [Figure 

12D]. Clones 1 and 2 in the upper branch had MTOR amplification instead. Intriguingly, 

clone 3, exclusively present in the primary tumor sampled, showed amplification signal for 

both MYC and MTOR, while also a uniquely high CN state in GATA6. Particularly, two 

populations, with and without high CN state of MYC, seem to coexist in clone 3. This 

suggests metastatic clonal heterogeneity is well represented at the primary site. 

We caution readers that whole-genome doubling (WGD), prevalent in PDAC [170], is 

technically unobservable for this snDNA-seq technology due to its PCR basis. But paired 

whole-genome sequencing identified presence of clonal WGD in this case [to-be-published 
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work from my lab], therefore the real total copy number state of the abovementioned 

amplified genes could be higher than estimated here.  

Taken together, through snDNA-seq we observed continuous genomic evolution through 

copy number loss and/or amplification towards particular genotypes. The driver events 

acquired and fixed early in tumor development likely culminated in increased genomic 

instability, which allowed for such CNV events to occur faster than clocklike SNV events 

[27] and allowed for rapid adaptation as the tumor invades and metastasizes to foreign 

environments.  

 

5. Evolutionary dynamics through metastasis 

Given the knowledge that CNVs are the main driver of ongoing evolution and thus clonal 

heterogeneity in pancreatic cancer, we next analyzed how this heterogeneity manifests in 

the context of metastasis. Among 11 patients of MSK’s LWP program, we collected in 

total >= 3 samples per common metastatic site - peritoneum, liver, lung, lymph node (LN), 

diaphragm - and matched primary samples when available [Figure 13A].  
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Figure 13. Evolutionary dynamics through metastasis and treatment. 

a. Metastatic sites sampled in this study for the 9 autopsy cases. b. (left) intra-site 
heterogeneity and (right) primary-metastasis heterogeneity defined by average inter-cell 
CNV distances between the given one/two populations. For the right plot, the outlier case 
RA17_13 is colored as indicated in the legend. c. Left, RA17_22 single-cell clonal 
phylogeny. Right, clonal composition at each primary/metastatic site, mapped to spatial 
location (approximated). d. Left, RA17_13 single-cell clonal phylogeny. Right, clonal 
composition at each primary/metastatic site, mapped to spatial location (approximated). e. 
Left, BPA-1 single-cell clonal phylogeny. Right, clonal composition at each sample at each 
time point of collection. f. distribution of the somatic MYC mutation’s single-cell VAF in 
the sample at T1. g. distribution of the germline CHEK2 mutation’s single-cell VAF in the 
sample at T0 (left) and T1 (right). 
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We first asked if there is any correlation between organ site and clonal pattern - specifically, 

if any site would have a stronger selective pressure and sculpt for (1) a more homogeneous 

clonal composition or (2) clones more advanced compared to the primary site.  To answer 

these two questions, we calculated (1) intra-site heterogeneity and (2) primary-vs-

metastasis difference by averaging inter-cell CNV distances between single cell 

populations from (1) the same site or (2) two separate sites [Figure 13B]. In the same 

patient, multiple samples of the same general site were combined (e.g. mesenteric nodule 

and omental nodule would be combined into peritoneal metastasis; multiple nodules at the 

liver would be combined), so that each data point would represent one site or primary-

metastasis pair. There was significant inter-patient variability for both metrics [Figure 

13B]. RA17_13, in particular, contributed high primary-metastasis heterogeneity across 

sites [Figure 13B, right]. This is likely due to the peculiar genomic instability which 

sculpted the complex CNV evolution paths described in the previous section [Figure 11E]. 

Two metastases in two other patients also had significant differences from their respective 

primary site: RA21_17’s peritoneal metastasis and RA16_08’s diaphragm metastasis. 

While the former was mostly caused by preservation of less evolved clones in the primary 

site, the latter was likely caused by elevated chromosomal instability generally [data now 

shown; will be included in our upcoming publication], which resulted in the many homdels 

described previously. These diverse storylines indicate that there is no general rule to 

organ-specific selective pressure which would make one organ prone to more 

homogeneous/advanced clonal composition. 
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Next, we investigated if organ sites proximal to each other tend to have more similar clonal 

composition, in the three most extensively sampled cases: RA16_29 (7 sites), RA17_13 (7 

sites), RA17_22 (9 sites). RA16_29 and RA17_22 both presented with comb-like 

phylogeny indicating high-degree clonal sweep before metastasis and low inter-clone 

distance. This entailed high spatial homogeneity in these two cases and therefore no 

correlation between spatial location and clonal composition [Figure 13C]. An exception 

might be that RA17_22’s right lung lower lobe metastasis had a unique subclonal PIK3CA 

p.E542K mutation [Figure 13C, dashed red circle], although orthogonal bulk sequencing 

found it in both the lung site and another liver metastasis sample not present in this snDNA-

seq cohort, suggesting that it is likely pre-metastatic [data not shown, will be included in 

our upcoming publication]. RA17_13, on the other hand, presented a clearly bifurcating 

phylogeny with two groups of metastatic sites each carrying clones from only one branch. 

Upper branch: mediastinal LN, right pleura, left lung lower lobe, diaphragm; lower branch: 

pericardium and liver [Figure 13D]. This again demonstrated no correlation between 

spatial proximity and clonal similarity. 

 

6. Evolutionary dynamics through time 

Finally, we performed a small pilot study of snDNA-seq as applied to longitudinally 

collected samples from four patients taken in association with the Tracking of Pancreatic 

Cancer Progression and Resistance (TOPCOAT) program at our institution. Three patients 

had metastatic disease (stage 4) at diagnosis (T0); phylogenies indicated a high clonal 
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homogeneity regardless of whether pancreas primary or the liver lesion were biopsied 

[Figure 14A-C], consistent with strong selection for the drivers present and one or more 

clonal sweeps prior to the biopsies taken. For a fourth patient BPA-1, samples were taken 

from resection (stage 2A, T0) and a recurrent liver lesion (stage 4, T1). Similar to the other 

three longitudinal cases, driver alterations including KRAS p.Q61Q and ARID1A p.R1989P 

SNVs, CDKN2A homdel and many LOH events involving TP53, TGFBR1 and the 

germline heterozygous BRCA2 p.I2627F locus, were fixed at T0 [Figure 13E]. However, 

among 450 KRAS p.Q61K mutant cells at T1, 164 also showed a subclonal MYC 

p.G83Rfs*175 mutation (sample-specific CCF = 0.364), which was completely missing 

from T0 [Figure 13E]. The MYC mutation had a single-cell VAF (sc-VAF) densely 

distributed <0.2, which, coupled with a total copy number gain at the gene [Figure 13F], 

suggests a mutation on the minor allele after total copy number gain. Although the germline 

CHEK2 SNP locus was inferred by our tree inference algorithm to undergo clonal LOH at 

T0, we noted that its sc-VAF distribution in tumor cells suggested a subclonal LOH at T0, 

which dominated at T1 [Figure 13G], which likely corresponds to a focal CNV event after 

the large-scale CNVs that resulted in the many other LOHs mentioned above.  

A caveat is none of these patient got targeted therapy which might better select for 

subclonal driver alteration as resistance mechanism. But the example BPA-1 showed that 

snDNA-seq would be able to capture such small subclonal events in routine biopsies.  
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Figure 14. SnDNA-seq revealed longitudinal homogeneity in late PDAC diagnoses. 

Single-cell clonal phylogenies of TP11 (a), TP12 (b), TP49 (c).  
d. BPA-1 single-cell mutation VAF heatmap at resection (RSX, left) and metastasis 
(interventional radiology, IR, right). Note the appearance of the subclonal MYC mutation 
at the IR biopsy. 
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Section 5. Conclusions, next steps, and outlook for 

the future 

1. Technical advancement 

We believe our targeted snDNA-seq approach’s clinical utility is higher than other well-

based, single-cell whole-genome sequencing methods for two major reasons. (1) As 

demonstrated by success of MSK-IMPACT (Integrated Mutation Profiling of Actionable 

Cancer Targets) [171], high-depth sequencing of most significant genes of diseases yields 

more clinically relevant information than low-depth sequencing of the genome, whose 

value is still mostly for basic biological research [50]. (2) The wet-lab workflow is largely 

automated, fast, and accommodates a wide range of sample types – from freshly dissociated 

cells to small amounts of frozen nuclei extracted from archival routine biopsy tissues – 

with the exception of formalin-fixed tissues possibly due to the DNA damage caused by 

the fixation process [these were considered negative data therefore not shown]. In 

comparison, well-based single-cell whole-genome sequencing [143], [144] is more 

demanding with respect to workflow complexity, sample quality (debris proportion, 

clumping proportion etc.) and quantity which limits its clinical application. 

Notably, the combined wet/dry-lab workflow presented here is the first to apply such 

single-nucleus DNA sequencing to solid tumor, call SNVs and CNVs de novo, and resolve 

high-resolution single-cell clonal phylogeny from the data. Therefore, we believe this 

workflow carries high technical significance and has wide applicability. 
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2. New insights on genomic evolution of pancreatic cancer 

Despite disappointing improvement in the past decades compared to other cancers, 

pancreatic cancer is set to enter the age of precision medicine with the advent of targeted 

therapies spearheaded by various KRAS/relevant pathway inhibitors [172], [173] along 

with better biomarkers for treatment selection, such as BRCA mutation/HRD phenotype for 

PARP inhibitor, immunogenicity for immunotherapy [174], [175]. It is the perfect time for 

such a high-resolution method as single-nucleus DNA-sequencing to elucidate the closest-

to-ground-truth baseline genomic profile of pancreatic cancer in such contexts as early/late 

diagnosis, metastasis, across treatments. The main takeaways are: 

1. driver SNVs such as oncogenic KRAS mutations, loss-of-function TP53 mutations, 

are likely fixed by the time of invasion meaning that there is such strong selection 

force for them that alternate mutations to the same gene are rare and clonal sweep 

is expansive in the primary tumor. This is encouraging for KRAS targeting therapies 

as it suggests that resistant clones are at least not preexistent. Allele-specific (e.g. 

G12D-targeting) agents could potentially work well as the KRAS mutant allele is 

unique per tumor based on our dataset.  

2. driver CNVs, such as CDKN2A and SMAD4 homozygous deletion, MYC 

amplification, could be subclonal, meaning that they are not fixed in the tumor at 

invasion and are only present in a subset of cells. 

3. further CNVs, likely due to increased genomic instability in the tumor, form the 

backbone for continuous evolution across space (metastasis) and time (treatment, 

or simply genetic drift). They would likely correlate with transcriptomic or 
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epigenomic changes that enable phenotypic changes as the tumor adapts to the new 

environment at distant sites and treatments. 

As more trial data of precision medicine in pancreatic cancer accumulate, we foresee our 

snDNA-seq approach to be critical for identifying resistance mechanism with high 

sensitivity, and the data presented in this work would form a useful basis for comparison. 

Together, they would facilitate precision medicine efforts in PDAC and improve its clinical 

management. 

 

3. Application of snDNA-seq in more diseases  

The snDNA-seq workflow clearly has more applications than studying pancreatic cancer. 

At the time of writing this thesis I have already started collaboration with biologists from 

a variety of fields to apply the method. With Etay Ziv, MD, PhD (MSKCC) and colleagues, 

we are using snDNA-seq to dissect the clonal dynamics of low-grade and high-grade 

neuroendocrine tumors (NET) of the pancreas.  With Rocio Vicario, PhD (MSKCC), 

Frederic Geissmann, MD, PhD (MSKCC) and colleagues, we are using snDNA-seq to 

study the clonal relationship of pathogenic microglia in the context of histocytosis and 

Alzheimer’s disease. With Alexandra Miller, MD, PhD (New York University), Ingo 

Mellinghoff, MD (MSKCC) and colleagues, we are using snDNA-seq to study 

glioblastoma’s clonal evolution across surgery and recurrence.  
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