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Most evolutionary studies on pancreatic cancer rely on bulk sequencing,

yet clonal evolution happens at the single-cell level. We used single-nucleus
DNA sequencing to study 137,491 single nuclei from 24 pancreatic neoplasms
reflecting various clinical scenarios. We found higher frequencies of somatic
alterationsto driver genes that bulk studies indicate; many manifest as copy
number alterations and account for the majority of spatial heterogeneity. In
pancreatic cancers with canonical KRAS oncogenic mutations, we found likely
varied dependence on the genotype that may signify differential response to
KRAS inhibition. In pancreatic cancers with germline heterozygous BRCA2
mutations, we discovered varied mechanisms and timing of inactivation
ofthe wild-type allele that sculpted differential evolutionary trajectories.
Inactivation of tumor-intrinsic response to transforming growth factor-§
happens through various mechanisms, takes place after oncogenesis and
coincides with invasion and metastasis, reflecting increasing selective pressure
for the phenotype later in pancreatic ductal adenocarcinoma development.

Pancreatic ductal adenocarcinoma (PDAC) is one of the most lethal
cancer types withaS-year survival rate of 13%'. This rate has increased
minimally over the past decades despite improvementsinsurgical and
medical management, with PDAC projected to become the second
most common cause of cancer-related deaths in the USA%. Numer-
ous next-generation sequencing studies have revealed PDAC clonal
evolutionas ahybrid model of stepwise and punctuated events. Point
mutations in multiple driver genes (such as KRAS, CDKN2A or TP53)

followed by allelic loss of the wild-type alleles are gained through pro-
gressive waves of mutation and selection®, while pervasive copy number
variations (CNVs) or larger-scale genomic rearrangements that further
grant growth advantages are acquired rapidly after polyploidization.
Polyploidization coincides temporally with the loss of the wild-type
TPS3allele and the acquisition of invasive potential*®. The identification
ofthese genomic events haslargely been accomplished by sequencing
ofbulk tissues; in some cases, resolution hasbeenincreased by the use
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of highly purified microdissected samples and/or development of com-
putational tools to deconvolve the complexity of subclonal mixtures®™,

Regardless, because clonal evolution occurs at the single-cell
level, bulk sequencing would be unable to order successive events or
to distinguish mutually exclusive events, indicating distinct popula-
tions. Thus, single-cell DNA sequencing (snDNA-seq) is required to
further determine the clonal evolution and heterogeneity of PDAC.
This goal is urgent because collaborative research efforts across the
globe have revealed several opportunities for precision medicine.
New therapeutic approaches such as poly-ADP ribose polymerase
inhibitors, KRAS inhibitors and immunotherapies are being developed
totargetindividual tumors’ vulnerabilities with promising results’ %,
Nonetheless, responses to these therapies have been mixed withsome
patients’ showing no benefit®.

We previously optimized a scalable workflow to apply
high-throughput snDNA-seq to archival PDAC samples'. Here we used
this workflow and developed an accompanying set of computational
methods to generate the highest-resolution view of general genomic
evolution patterns over the course of PDAC evolution, spanning early
invasion to dissemination to secondary sites. Such high resolution that
preserves information regarding co-occurring compared to mutually
exclusive mutations has revealed insights into PDAC biology, ranging
from innate mechanisms of KRAS resistance to genetic features of
the most recent common ancestor (MRCA) tumors in patients with
germline BRCA2 mutations, and finally to molecular pathways that are
under relatively constant selection.

Results

PDAC mutational and evolutionary landscape at
single-nucleus resolution

Cohort overview. We analyzed single-cell genomic features in 24
patients with primary pancreatic neoplasms. The cohortincluded sam-
plesfrom patients with both early-stage disease collected from surgical
resections (n =10 patients) and late-stage unresectable disease from
research autopsies (n =11 patients; Fig. 1aand Supplementary Table1).
Matched longitudinal biopsies taken by 18-G/22-G core needle biop-
sies before and after treatment were collected from six patients
(Supplementary Table 2). The final pathologic diagnosis for 23 patients
was PDAC, and for 1 additional patient, it was an acinar cell carcinoma
(ACC; patient PC22). We opted to study the latter patient, given their
clinical-grade sequencingindicated agermline mutationin BRCAZ; five
of the PDAC patients had documented germline BRCA2 mutations as
well, providing an opportunity to understand genomic features of neo-
plasmsthatarisein the setting of this set of high-risk germline variants.
Collectively, a total of 30 primary tumor samples and 42 metastases
were studied (Supplementary Table 3). For 21 patients, at least two
spatially distinct samples were studied per patient (range = 2-9). Metas-
tases from35secondary sites were sampled in the autopsy participants,
with amedian of two metastases (range = 1-7) studied per patient.

Genetic features of cohort. To discern the genetic features of our
cohort, we performed targeted snDNA-seq using a custom-designed
596-amplicon panel targeting known essential genes of primary pan-
creatic neoplasms; genes affected by both single-nucleotide variant
(SNV), small insertion/deletion (indel) and/or CNVs were considered
(Supplementary Tables 4 and 5and Methods). With a custom-designed
computational analysis pipeline (Supplementary Fig. 1a,b), in total
137,491 snDNA libraries were profiled by snDNA-seq with a mean of
5,729 per patient (range = 329-20,123) and 1,858 single nuclei studied
per sample (range = 50-7,540; Supplementary Fig. 1c). We detected
somatic SNVs, indels, monoallelic and/or bialleliclosses in at least one
known driver geneinall cases analyzed (Fig. 1b), evenin low-cellularity
biopsy samples (Supplementary Fig. 2a). Activating KRAS mutations
wereidentified in all but two PDACs (21/23,91%). Targeted clinical-grade
sequencing performed for these two neoplasms revealed a BRAF

fusion and an NRG fusion, respectively, that were not on our panel.
No KRAS mutation was found in the ACC (PC22). Alterations in TP53
(75%), CDKN2A (71%) and SMAD4 (71%) were also observed at high
frequency, as expected®™. Copy number (CN) alterations identified
included amplificationsin MYC (46%), GATA6 (17%) and MTOR (4%, one
case), as well as biallelic loss (homozygous deletion) in genes such as
CDKN2A (67%), SMAD4 (25%) and TGFBR2 (8%, two cases). A technical
strength of snDNA-seq compared to bulk sequencingis thatit enables
direct calculation of each alteration’s corresponding cancer cell frac-
tion (CCF; Methods); as a result, we could distinguish among clonal
drivers such as TP53 (mean CCF = 0.85), MYC (0.83), CDKN2A (0.82),
KRAS (0.76) and ‘relative’ subclonal drivers such as SMAD4 (0.70),
ARID1A (0.47) and PIK3CA (0.45) (Fig.1b, square size), yet heterogeneity
of clonality existed for almost every gene.

Subclonal and subgene (affecting only a part of the gene) monoal-
lelic/biallelic losses may be difficult to detect with bulk-sequencing
methods, particularly in PDACs with limited tumor purity. Our tar-
geted snDNA-seq method evaluated each mutant locus’s single-cell
variant allele fraction (sc-VAF) and the read counts for single ampli-
cons (200-300 bp) while accounting for amplicon dropout rates™, to
detect such eventsinsmall groups of cells (Methods). For instance, we
could visualize ahomozygous deletion confined to asingle amplicon
of SMAD4 in the neoplastic clone of PC18 (Supplementary Fig. 2b).
Across the cohort we detected more alterations (includingboth short
mutation and monoallelic/biallelic loss) to CDKN2A and SMAD4 (71%
and 71%, respectively), many subclonal, than reported by The Cancer
Genome Atlas (30%, 32%) and the International Cancer Genome Con-
sortium (30%, 27%). Specifically, we detected homozygous deletion
of CDKN2A in 67% cases and SMAD4 in 25% cases, which are compa-
rable to the numbers (-60% CDKN2A; 40% SMAD4) found in a mixed
cohort of primaries/metastases using microdissection to enrich for
tumor content’. Compared with previous reports of approximately
40% alteration frequency of p14ARF region (alternate transcript of
CDKN2A)*, we found that some part of p14ARF was deleted in all 16
cases with deletion in the region, 12 of which had apparent deletion
to all three exons of both p16INK6a and p14ARF. Of the other four
cases that showed subgene deletionin the region (PC07, PC09, PC14
and PC16), none preferentially inactivated p14ARF over p16INK6a.
We also detected a high frequency of monoallelic losses (loss of het-
erozygosity, LOH) affecting TGFBRI (21%) and TGFBR2 (29%). 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 a recent study of 91 multiregion sampled
PDAC research autopsies”.

While our samples included nuclei from non-neoplastic stromal
cells, we were unable to discern if these nuclei were non-neoplastic
epithelial, fibroblastic, neural, vascular or immune in origin. None-
theless, mutations in lineages independent of the PDAC were noted
infour cases. In PCO5,a DNMT3A p.R882H mutation was found, mutu-
ally exclusive with the neoplastic cells (Supplementary Fig. 2c). This
mutation is acommon hotspot in clonal hematopoiesis'. PC14 had a
CTNNA2 p.R136H mutation that was also mutually exclusive with the
neoplastic cells (Supplementary Fig. 2d). PC22 had an RNF43 p.A349V
mutationand an MTOR p.1313T mutation, both mutually exclusive with
the neoplastic cellsand each other (Supplementary Fig. 2e). We found
only one case (PC11) with a secondary oncogenic KRAS mutation that
did not belong to the tumor lineage (elaboration to follow).

Major patterns of evolutionary trajectory. Building upon our pre-
vious work", we developed fast Constrained Dollo Reconstruction
(fast-ConDoR), a phylogenetic analysis pipeline for this snDNA-seq
dataset (Supplementary Fig.1aand Methods) and derived phylogenies
for each patient (Fig. 1c). On average, 2.63 clonal driver SNV events
(Methods) were covered by our panel, consistent with the number
calculated unbiasedly by bulk whole-exome sequencing (WES)".
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Fig.1| Cohort overview. a, Sample collection procedure of the study. Panel a
was adapted from BioRender. Zhang, H. (2025) https://BioRender.com/nlt6c5v.
b, Oncoprint depicting the type of mutations and their CCF in each pancreatic
cancer case studied. 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, from top
to bottom, genes are sorted by the number of alterations in the patient cohort
indescending order, while clustering for biological pathways involved—TGFf3,
homologous recombination repair and others. Within the grid, the square size is
proportional to the CCF of each alteration. The square color corresponds to the

alteration type, which is of two categories—SNVs and CNVs. The thickened border
represents LOH status. ¢, Overview of single-cell clone phylogenies inferred

for each case. The branch length on the x axis represents inferred phylogenetic
distance among clones (gray circles). The orange branch is the inferred trunk of
the phylogeny (Methods). The size of the circle is proportional to the number of
cellsinthat clone. For events on the edge, red triangles indicate gain of somatic
SNVs, purple triangles indicate LOH of somatic SNVs and green squares indicate
LOH of germline SNPs. LWP, last wish program; TOPCOAT, tracking of pancreatic
cancer regression and resistance.

Among all driver SNVs identified, on average, 74.4% were clonal in
origin (that is, occurred before the MRCA of all clones identified)
in keeping with prior estimates”. This indicates that the major contri-
butor to intratumoral heterogeneity in PDAC is CNVs, as illustrated
by the longitudinally sampled PC20—most of the SNV events and
relevant LOHs were clonal, while total CNs varied across clones 1and
2, the former dominating at baseline while the latter emerging at
metastasis (Fig. 2a,b and Supplementary Fig. 3a,b). This pattern of
early driver fixation, followed by generation of intratumoral hetero-
geneity via CNVs, is consistent with multiregional bulk sequencing of
larger PDAC cohorts®. The number of subclones resolved per case was
not correlated with the number of single nuclei analyzed, as demon-
strated by two edge cases—PC11 had one of the highest patient-level
library sizes (16,139 single nuclei) but only three tumor clones, while
PC21had only 329 single nuclei but four tumor clones.

As our panel targets driver mutations that are previously known
and hereby confirmed to exhibit homogeneity across metastatic sites

(two example cases shown in Supplementary Fig. 3c,d), our capacity
to assess genetic heterogeneity and, in turn, metastatic seeding pat-
terns was limited in most metastatic cases we sampled. However, PC10
demonstrated stark CN heterogeneity of MYC, MTOR and GATA6 that
allowed us to reaffirm the random metastatic patterns previously
inferred by bulk WES?**, The total CN of MYCstayed in the normal range
inclones1and 2 in the upper branch, but uniformly amplified to over
20 in clones 3,4 and 5 (Fig. 2c and Supplementary Fig. 4a,b). Such an
amplification patternwas inferred to be caused by extrachromosomal
DNA? (Supplementary Fig. 4c). Clones1and 2in the upper branch had
MTOR amplificationinstead. Intriguingly, clone 3, exclusively presentin
the primary tumor sampled, showed uniquely high CN state in GATA6;
two populations with or without high CN state of MYC co-existed in
clone 3 (Fig. 2d and Supplementary Fig. 4a).

As we mapped the clones to their anatomical location (Fig. 2d),
we found little correlation between spatial proximity and clonal simi-
larity. Notably, the two subclonal lineages defined by two TGFBR2
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Fig. 2| Refined evolution patterns of pancreatic cancer revealed by snDNA-
seq.a, Single-cell clone phylogeny (left) and sample clonal proportion (right)

of PC20. TO sample was collected from pancreatic resection, and T1was a liver
biopsy of metastasis after 19.5 months. Mutation events are labeled on the trunk
and branches of the phylogeny. Green events are LOHs of germline heterozygous
SNPs. Red events are somatic SNVs, while purple events are LOH to them. CNVs
that do not have corresponding SNP/SNV events are not labeled. Detailed views

T1: liver biopsy

TO: pancreatic resection |
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of the sc-VAF distributions of the CHEK2 SNP and MYC SNV across the two time
points are shown in Supplementary Fig. 2a,b. b, Clone total CN profiles of PC20.
Clone colors correspond to those in a. The heat represents the total CN state of
each clone at each genomic location. ¢, Single-cell clone phylogeny of PC10.

d, Clonal proportions mapped to metastatic lesions sampled across PC10.
Human anatomy in d was adapted from BioRender. Zhang, H. (2025)
https://BioRender.com/e026ral.

mutations migrated likely through hematogenous routesto the pleura,
diaphragm, lung andits adjacentlymph node, while the two subclonal
lineages defined by extrachromosomal DNA-cause MYCamplification
migrated likely through similar means to the liver and pericardium. The
polyclonal seeding and bifurcating migration correspond to patterns
predicted by a single-stage evolution model, where founder cells of

the metastatic lesions were apparently randomly sampled from the
available lineages within the primary or secondary sites®.

Heterogeneity of KRAS dependence
Oncogenic KRAS mutations have been well established as early drivers
of PDAC through precursor lesion studies® and genetically engineered
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mouse models®. Allelic imbalance or amplification of mutated KRAS
alleles has also been described in association with progression and
metastasis®. Across cases, we also observed a wide range of KRAS
mutant VAFs, consistent with the presence of subclonal populations
within each PDAC containing KRAS allelicimbalance or amplification
(Fig.3a, top). On average, the highest KRAS mutant sc-VAFs were found
inadvanced stage of PDACs (8 = 0.13, s.e. = 0.08, one-sided P= 0.054)—
for instance, PC12, PC13, PC16 and PC17—underscoring the role of
increased KRAS-dependent signalingin PDAC progression. Unexpect-
edly, 9 out of 21 (42.9%) KRAS-mutant cases were noted to have sub-
clones (>10% tumor cells) without any read of oncogenic KRAS
mutation; this exceeded the technical dropout rate at 10% (Fig. 3a,
bottom). For example, in PC19 (Fig. 3b-e) and PCO3 (Fig. 3f-h), there
existed large subclones carrying the other driver mutations (TP53 for
PC19, MAP2K+4 and TP53for PCO3) but not the KRAS mutation. While it
is possible thatin these PDACs the KRAS mutation occurred later than
other oncogenic mutations (that is, TP53) in the neoplasm, a more
parsimonious explanationis that the KRAS mutation was lostin asub-
population of the cancer cells. This is consistent with mouse models
suggesting the loss of oncogenic Kras signaling after PDAC formation
is tolerable?”?%, Of note, we did not observe any examples of a
KRAS-mutant PDAC carrying asecond subclonal KRAS mutation, except
for one patient (PC11), where a minor KRAS mutant subclone was iden-
tified across three spatially distinct samples of the primary tumor
(single-cell prevalence = 0.0083). This minor clone was a distinct line-
agewithlittlecorrelationtothe primary PDAC (SupplementaryFig.5a,b),
corresponding to one or more KRAS-mutant clones present withinthe
pancreatic parenchyma that was infiltrated by the main PDAC**%,

Inaddition toallelicimbalance favoring KRAS mutation dosage, we
alsofoundindependent mechanisms to activate oncogenic MAPK-ERK
signaling that likely succeeded mutant KRAS. For example, PCO3 had
aclonal MAP2K4 p.P232L mutation (Fig. 3f-h), while PC14 had a clonal
PIK3CA p.Q545K mutation, and both colocalized with their KRAS muta-
tions (Fig. 3h,i). In PC11 that had a clonal KRAS p.G12V mutation and was
sampled from metastatic disease at autopsy, we noted two mutually
exclusive subclonal PIK3CA mutations (p.E542K CCF = 0.009, p.K528E
CCF =0.002) that were scattered across metastatic sites (Fig. 3j and
Supplementary Fig. 5c). These alternative mutations correspond to
differential regulation of the MAPK-ERK signaling pathways favored
later in cancer progression and could inform resistance mechanisms
to KRAS inhibiting therapeutics.

Evolutionary patterns of PDACs with germline BRCA2
mutations
Although patients with germline mutations in the BRCA2 gene are asso-
ciated withaninheritedrisk of developing PDAC as well asincreased sen-
sitivity to platinum salts, the evolutionary features of how pancreatic
neoplasmsarise in the setting of germline BRCA2 mutations are poorly
understood. Among six germline BRCA2 mutation cases in our cohort,
we noted biallelic BRCA2inactivationinall six cases through different
mechanisms, indicating positive epistasis of somatic BRCA2 inacti-
vation in a germline BRCA2 mutation background in PDAC (Fisher’s
exact test, P<0.001). Tumor cells of PC20, PC21, PC22 and PC23 lost
the wild-type BRCA2 allele (LOH; Supplementary Fig. 5d), while PCO1
and PC24 had inactivating somatic mutations to BRCA2 (Fig. 1b). Muta-
tion signature analysis confirmed homologous recombination repair
deficiency (HRD) phenotype in all six cases (Supplementary Fig. 5e).
The median CCF for BRCA2 somatic alterations was 1, suggesting
theirgenerally early occurrence that was followed by one or more clonal
sweeps before sampling. Nevertheless, for four of these patients, phy-
logenetic analysis provided more profound insight into the timing of
inactivation of the remaining wild-type allele relative to other somatic
alterationsin the same PDAC. The phylogeny of PCO1showed that the
somatic BRCA2 nonsense mutation was truncal, followed by several
other LOH events and CDKN2A homozygous deletion (Fig. 4a, left).

The phylogeny subsequently diverged into two mutually exclusive
subclones carrying an FGFR1 p.T17K mutation with LOH, or a TGFBR2
p.K330Tfs*6 mutation with LOH. The subclones were separated spa-
tially (Fig. 4a, right). Clinical-grade sequencing and whole-genome
sequencing (WGS) independently performed on the same tissue identi-
fied a TRIM24-BRAF translocation, a KRAS-independent route toward
oncogenic MAPK activation, suggesting that this PDAC developed
through noncanonical mechanisms. Similarly, case PC23 showed a
truncal BRCA2 LOH (Fig. 4b), with no detectable alteration to other
canonical PDAC driver genes; clinical-grade sequencing and WGS
indicated an NRG fusion, another noncanonical oncogenic mechanism
converging tothe same pathway as KRAS. We interpret these findings to
meanthatbiallelicinactivation of BRCA2was among the earliest events
in these two PDACs, leading to HRD in the MRCA and, subsequently,
KRAS-independent activation of MAPK signaling via gene rearrange-
ments involving TRIM24-BRAF (PCO1) and NRG (PC23).

By contrast, in case PC20, while the wild-type BRCA2 allele was
inferred to be lost along with occurrence of the other driver events
(Fig.4c), we observed asmall population of cells containing a heterozy-
gous germline BRCA2p.12627F mutation, a heterozygous somatic KRAS
p.Q61H mutation, a CDKN2A homozygous deletion and ahomozygous
somatic ARID1A p.R1989P mutation (Fig. 4d). The ARIDIA p.R1989P
homozygous genotype and germline single-nucleotide polymorphism
(SNP) LOH validated this population as nondoublet and indicated that
BRCA2LOH likely came after the canonical PDAC driver SNV and CNV
events. The somatic BRCA2 p.S1832Ifs*2 mutation of PC24 was not
covered by our snDNA-seq panel; yet WGS suggested alower CCF (0.80)
thanthe two maindrivers KRAS p.G12D (0.85) and SMAD4 p.Q116* (1.00),
categorizing it into a similar late-BRCA2 biallelic inactivation group.
Weinterpret these findings to mean that, in these two PDACs, biallelic
inactivation of BRCA2, and thus the HRD phenotype, was acquired after
accumulation of canonical PDAC alterations.

In PC21, we observed in the liver metastasis a tumor subclone
where BRCA2 was homozygously deleted and CDKN2A was intact, in
contrast to the main tumor population where BRCA2 had LOH and
CDKN2A had homozygous deletion (Fig. 4e,f). Both populations had
the canonical drivers KRAS p.G12D and TP53 p.L344Q; yet orthogonal
statistical testing validated that the BRCA2homozygous deletion colo-
calized with a heterozygous TP53 state (P=0.0078; Supplementary
Methods), while the main tumor population had TP53 LOH. A parsi-
monious explanation is that BRCA2 had LOH before TP53 LOH and
CDKN2A homozygous deletion, and that the mutated BRCA2 allele was
subsequently lost, resulting in the subclone in the liver biopsy.

In summary, although a somatic BRCA2 second hit is associated
with an HRD phenotype, the timing at which this second hit occurs
can happen at different time points of PDAC development—in some
patients, BRCA2 biallelic inactivation defines the MRCA and drives
PDAC in a noncanonical mutational route characterized by genomic
rearrangements. By contrast, in other patients, the second hit occurs
after accumulation of other canonical drivers such as KRAS and TP53
and functions as an additive trait later in PDAC progression.

Convergent evolution toward TGFp inactivation
PDAC genetics are notable for a high frequency of mutations in KRAS,
CDKN2A, TP53and SMADA4 (ref.15). However, an unanswered question
isthe extent to which small populations of cells with additional muta-
tions in known PDAC genes or pathways exist below the resolution of
bulk-sequencing methods. The presence of such populations would
indicate the pre-existence of subclones that are poised for selection
when encountering new microenvironments or treatment bottlenecks,
whereas the absence of them would favor strong selection and one or
more clonal sweeps of the neoplasm after these mutations occurred.
The absence of rare subclones derived from the MRCA of each
PDAC carrying secondary mutations to KRAS, TP53 and CDKN2A
strongly supports that mutations to these genes undergo strong
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Fig. 3| Heterogeneity of KRAS dependence in pancreatic cancer. a, Across
tumors carrying KRAS mutation, box plot (top) showing cell-level distribution of
sc-VAF of the mutated KRAS allele and histogram (bottom) showing proportions
of cancer cells that do not have any reads of the mutated KRAS allele. Bottom, the
value of 0.1is labeled by the dashed line. Cases are grouped by stage at collection,
with ‘mixed’ indicating that the case (PC20) had one sample at the early stage
and another at the late stage. The box plot indicates the median, first and third
quartiles (hinges); for each case, the number of cells/nuclei studied is provided
inSupplementary Table 3. b, Single-cell clone phylogeny of PC19. ¢, For PC19, a
Venn diagram showing the colocalization of TP53 mutation and KRAS mutation-
carrying cells. The numbers of cells carrying the corresponding mutations are

labeled. d, For PC19, single-cell binarized genotype (yellow, presence; black,
absence) heatmap of the two main somatic mutations across tumor clones.

e, Foreachsingle cellin the genotype heatmap ind, normalized KRAS total CN
(left) and the G12D sc-VAF (right) are shown. In the right panel, an sc-VAF of -50
indicates O read depth at the locus. For example, the top fraction of cells in clone 2
(orange) has reduced total CN and sc-VAF at KRAS-mutated locus, suggesting
alikely loss of the mutated allele. f, Single-cell clone phylogeny of PC03. g, For
PCO03, single-cell binarized genotype heatmap of the five main somatic mutations
across tumor clones. h, Venn diagram showing the colocalization of MAP2K4
mutation and KRAS mutation-carrying cells. i,j, Venn diagrams demonstrating
colocalization of PIK3CA mutations with KRAS mutations for PC14 (i) and PC11 (j).

selection before sampling. By contrast, in many PDACs the TGF3
pathway appears subject to continuous selection over the evolutionary
lifetime of the PDAC, seen as multiple relevant mutations converg-
ing within the same tumors (Fig. 1b). Such convergence manifested
as different genetic subclones in parallel—in PCO1, three lineages

each carrying (1) TGFBR2 p.K300Tfs*6, (2) TGFBR2 p.A426G/p.M4251
and (3) SMAD3 p.S425F mutations (Fig. 4a) co-existed before the
early-stage tumor was resected. In other cases, this manifested as dif-
ferent eventstake place sequentially in asingle lineage—PCO8 had three
TGFp family receptors focally deleted, whereas PC06, PC10 and PC12
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mutations. a, Single-cell clone phylogeny (left) and sample clonal proportions
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phylogeny of PC20.d, For PC20, paired single-cell mutation heatmap (the heat
represents VAF of each mutation in each single cell, with ‘missing’ indicating
zero depth at the locus) and single-cell amplicon heatmap (the heatis abinary
indicator of the presence of any read of the amplicon) of mutations and genes of
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single-cell mutation heatmap and single-cell amplicon heatmap of mutations
and genes of interestin PC21. The clone of interest is clone 2, where the germline
BRCA2locus likely had homozygous deletion (homdel).

allhad alterationtoboth TGFBR1and TGFBR2 (Fig.1b). PC11 (described
as PAO4 in previous work) had two independent mutations to
SMAD4 onthe same chromosome, which translateto13 codons apart,
followed by the loss of the wild-type allele (Fig. 5a, left) and finally
homozygous deletion to 10 of 11 amplicons of SMAD4 in the MRCA
of all tumor clones (Fig. 5a, right). In the same patient, we observed
asubclone with TGFBR2 LOH exclusively present in the liver metas-
tasis and one region of the primary, which further contributed to the
phenotype of TGFp inactivation®® (Fig. 5b). In PC10, two subclonal
TGFBRI nonsense mutations were noted in one of the two main line-
ages of metastatic disease in this patient (Fig. 5c). Focal analysis of
the subclone suggested that the two mutations were present on dif-
ferent chromosomesinthe sameset of cells at one time in the tumor’s

evolution history (population i in Fig. 5d), and then chromosomal
loss likely resulted in the LOH of either mutation creating bifurcating
lineages (populationsiiiand iv in Fig. 5d).

Notably, polyclonal, parallel convergence was observed only
in one early-stage (resectable) PDAC case, whereas monoclonal,
sequential convergence was observed repeatedly in late-stage disease.
This suggests differential selective pressure across stages of tumor
development, with potentially less selection at early stages, allowing
for polyclonal evolution, whereas elevated selection forces mono-
clonal evolution. At the cohort level, in contrast to the model that
placesinactivation of tumor-intrinsic response to TGF 3 before invasive
tumor formation, we found that these alterations are mostly sub-
truncal in early-stage cases and truncal in late-stage cases (Fig. 5e).
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Together, theseresultsindicate that strong selective pressuresimposed
by the primary and secondary site microenvironments continuously
sculpt for convergence toward failure to respond to TGF[3 growth
inhibitory signals.

Discussion

These data, based on high-resolution snDNA-seq, elucidate the
closest-to-ground-truth pancreatic cancer genome in such contexts
asearly/late diagnosis, metastasis and nontargeted (that is, cytotoxic/
cytostatic) treatments. Notably, we identified three features of the

evolutionary life history of the pancreatic cancer genome (Fig. 6), two
of which have direct implications for precision medicine.

In a sizable fraction of the PDACs analyzed, we found that the
KRAS-mutant allele was lost in at least 10% tumor cells (Fig. 6a). This
raises the possibility that resistance to allele-specific KRAS inhibitors
may develop through loss of the mutant allele. Data from our institu-
tion found one colorectal cancer, harboring KRAS p.G12C mutation
and treated with sotorasib, developed allelic imbalance favoring the
wild-type KRAS allele through its amplification®. This reduction of the
mutated allele’s dosage post-treatment added plausibility of mutant
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Fig. 6 | Summary of findings. a, In contrast to tumor suppressors such as TP53 by HRD-associated genomic instabilities, or take place later than canonical

and BRCA2 that almost always undergo multiple inactivation (for instance, one drivers such as oncogenic KRAS and TP53 alterations and function as an additive
mutation + LOH) indicating ongoing selection for the corresponding phenotype, trait. Although current clinical practices usually put patients with germline

we found that oncogenic KRAS dosage varies across PDACs in our cohort, with mutations in BRCA2in one group for treatment, such a finding could inform
some cases gaining/amplifying the mutated allele subclonally (top), whileothers  further stratification. ¢, Strong selective pressure, not at tumorigenesis but more
gaining the mutation late or, more likely, losing the allele as the tumor progresses  likely after invasive tumor formation, selects for convergence toward mutation
(as studies on precursors concluded that the rate of PDAC not initiated by a KRAS to the TGF( pathway, and the pressure continues as the tumor continues to
mutationis low). In the latter cases (bottom), alternative mutation mechanisms metastasize to secondary sites, resulting in continuous evolution to inactivate
may contribute to a similar MAPK-ERK pathway hyperactivation phenotype. the pathway. This sometimes manifests as different tumor subclones carrying
Thisis clinically important as PDACs showing less oncogenic KRAS dosage different mutations, but more often as one lineage carrying multiple mutations
and potentially less dependence onit would be inherently insensitive to KRAS to TGFp pathway, indicating strong selective pressure that favors rapid
inhibitors. b, We showed that although somatic biallelic inactivation of BRCA2is clonal sweeps. The figure was adapted from BioRender. Zhang, H. (2025)
preferred in the background of a germline BRCA2 mutation, it could either take https://BioRender.com/y8ik2jm.

place early and drive PDAC in a noncanonical mutational route likely dominated
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KRAS loss as a potential resistance mechanism to KRAS-targeted
therapies. As expected, we also observed that oncogenic KRAS dosage
varied across PDACs in our cohort, with several cases having allelic
imbalance favoring mutant KRAS alleles; we also noted some PDACs
with additive mechanisms to MAPK activation, such as PIK3CA muta-
tions. These are known resistance mechanisms to targeted KRAS inhibi-
torsand furtherindicate that KRAS inhibitor resistance mechanisms are
pre-existent in PDACs that have not been exposed to these therapies.
The extent to which KRAS allelicimbalance in favor of the mutant allele,
the wild-type allele or convergent modes of MAPK activation leads to
insensitivity to KRAS inhibition remains to be revealed by ongoing
clinical trials®.

Reversion mutationsin BRCA2-mutant tumors are aknown resist-
ance mechanism to targeted therapies that exploit deficiencies in
homologous recombination®. However, our findings suggest that
the timing of biallelic inactivation of BRCA2 provides an additional
mechanism for consideration (Fig. 6b). In patients with germline BRCA2
alterations, we discovered varied timing of somatic biallelic inactiva-
tion of BRCA2 and the development of the HRD phenotypeinrelationto
other oncogenic events, which may explain heterogeneous treatment
responses in patients with similar germline BRCA2 genotypes**. Still,
our cohortsize was too small to draw conclusions related to how these
differences may affect outcome, particularly outside of a controlled
clinical trial setting. Future studies to confirm or refute such a cor-
relation are in progress with the goal of improved understanding of
germline BRCA2 mutant PDACs.

Theapproach alsorevealed more granular features of the genetic
progression model, such as frequent subclonal deletions in CDKN2A
and SMAD4, supporting their classification as later events in the
genetic progression of PDAC, likely arising from increased genomic
instability and selective pressures experienced during invasion
of the pancreatic parenchyma. Compared to other driver events
such as KRAS and TP53 alterations, where a single event dominated
in each PDAC, corresponding to a near-complete clonal sweep
of such single events during tumorigenesis, multiple TGF( path-
way alterations clonally evolve in sequence or in parallel, signifying
convergent evolution sculpted by continuous selective pressure
during PDAC progressionin the primary and secondary sites (Fig. 6c).
This finding may explain the lack of clinical benefit when target-
ing TGFp in patients based on numerous clinical trials conducted
thus far®.

Our findings are based on targeted snDNA-seq and a suite of
accompanying computational analysis tools. Such alarge-scale appli-
cation of this technique on clinical solid tumor samples supportsits
further clinical utility—the wet-lab workflow is largely automated
and accommodates challenging clinical samples such as small frozen
biopsy samples. One exceptionis that it currently cannot performon
formalin-fixed tissues, possibly due to DNA damage caused by the
fixation process. Furthermore, given single-cell studies’ potential to
bring about new biological insights®, a targeted workflow enables
high-depth sequencing of actionable genes/pathways and yields
more clinically relevant information than low-depth pan-genome
methods aimed more at biological discovery***, as demonstrated by
the success of Memorial Sloan Kettering Cancer Center Integrated
Mutation Profiling of Actionable Cancer Targets (MSK-IMPACT)*’. We
acknowledge the limitations of targeted snDNA-seq, which mostly
allows for granular studies of already known targets instead of dis-
covering new targets. Although we curated our targeted panel based
on WES/WGS data from the selected patients, a small fraction of
important genetic events remained unrepresented. For these rea-
sons, we suggest that the current best practice is for snDNA-seq to
be paired with highly purified bulk sequencing with the WES/WGS
done first to explore and define the mutational landscape of interest,
followed by snDNA-seq to further elucidate the clonal evolution of
events of interest.

Online content
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maries, source data, extended data, supplementary information,
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Methods

Ethics statement

The use of human samples in this study was approved by the Institu-
tional Review Board at MSK (under protocols 06-107,15-021 and 15-149).

Patient sample collection and preprocessing

Patient samples used in this study consist of the following three catego-
ries: multiregionally sampled surgical resection of primary pancreatic
cancer, multiregionally sampled autopsy of metastatic pancreatic
cancer and longitudinally sampled biopsies of pancreatic cancer.
Each participating patient provided written and informed consent
and was not compensated. Detailed patient and sample information
issummarized in Supplementary Tables 1-3.

For multiregional sampled surgical resections, treatment of
naive patients with tumors of 22 cm on cross-sectional imaging were
identified preoperatively. A single cross-sectional piece of tumor
was sampled sequentially using a Cartesian coordinate system with
0.6 x 0.6-cm grid, with three to five samples obtained from each
tumor. Anadjacent normal pancreas or duodenumwas also collected.
Allsamples were stored at —80 °C until use.

For multiregional sampled autopsies, all patientshad apremortem
diagnosis of PDAC based on pathological review of resected biopsy
material and/or radiographic and biomarker studies. Rapid autopsy
was performed after our previously described workflow®.

The above two types of tissue sample were embedded in optimal
cutting temperature compound, stained with hematoxylinand eosin,
and reviewed by a gastrointestinal pathologist (S.U.) to ensure total
cellularity and tumor purity. Normal samples were reviewed to con-
firm that no contaminating cancer cells were present. Tissues were
sectioned to optimize a volume >8 mm? for nuclei extraction.

For longitudinally sampled biopsies, tissue cores were obtained
using a22-gauge needle at endoscopic ultrasound for primary tumors
oran18-gaugeneedle atinterventional radiology for metastatic lesions
and were flash-frozen until use. The biopsy samples were substantially
smaller than the two sample types described above, often too small to
bevisibletothe naked eye, precluding pathologic review for cellularity
or tumor purity. Tissues stored in collection tubes were suspended in
nucleistorage buffer (52 Genomics) and then transferred directly into
the Singulator machine (S2 Genomics) for single-nucleus extraction.
Albeit the suboptimal input amount, even those biopsies with the
lowest yields (that is, PC18) resulted in useful genotype information
(Supplementary Fig. 1d), thus proving the feasibility of applying this
snDNA-seq approach to routine clinical biopsies.

Additionally, because we were initially concerned that the small
number of biopsies would be insufficient for snDNA library construc-
tion, we expanded four of six samples from one case (PC16) into
organoids to increase cell numbers. The organoid workflow was as
previously described*’.

Worth noting is that microdissection was omitted so that the
resulting snDNA libraries were mostly mixes of tumor and normal cells.

Bulk-sequencing library preparation, sequencing and
bioinformatics
Bulk WGS/WES datawere collected for each tumor and matched normal
sample simultaneously for quality control (QC) of germline/somatic
and SNV event calling. Genomic DNA was extracted from each tissue
using the phenol-chloroform extraction protocol or QlIAamp DNA Mini
Kits (Qiagen). DNA quantification, library preparation and sequencing
were performedin the Integrated Genomics Operation, where lllumina
HiSeq2000, HiSeq 2500, HiSeq 4000, NovaSeq 6000 and NovaSeq X
platforms were used to target sequencing coverages of >80x for WGS
samples and >150x for WES samples.

Bioinformatics analyses, including calling germline/somatic
SNVs, CNV and structural variants, estimating mutational signatures,
and scoring HRDetect", were performed using the time-efficient

mutational profiling in oncology research pipeline at the MSK Center
for Molecular Oncology Computational Sciences. Its code repository
is available at https://github.com/mskcc/tempo and documentation
at https://cmotempo.netlify.app/.

snDNA-sequencing library preparation, sequencing and
bioinformatics

Nuclei extraction from frozen tissue, counting, QC and cryopreser-
vation. Single nuclei from optimal cutting temperature-embedded
snap-frozen primary tissue samples were extracted, counted,
quality-controlled and cryopreserved after our published protocol™.

Panel design for single-cell targeted library preparation. The panel
was designed as an expansion of our previous 186-amplicon panel™
with the following goals:

1. Tounbiasedly cover genes/genomic segments hypothesized to
undergo convergent evolution in PDAC, constituting the follow-
ing three main categories:

a. Canonical PDAC drivers—KRAS, TP53, SMAD4 and CDKN2A.

b. Componentsofthe TGFf pathway, includingreceptors, medi-
ators and downstream effectors—TGFBRI, TGFBR2, ACVRIB,
ACVR2A, BMPRIA, BMPR1B, SMAD2, SMAD3, SMAD?7, ARIDIA,
ARIDIB and ARID2.

c. The BRCA2gene, whichis of particular interest to PDAC preci-
sion medicine.

2. Tostudy genes frequently affected by CNV in PDAC, including
MYC, GATA6, BAP1, MUS81 and KATS. Thus, over four amplicons
were given per gene. At analysis, amplicons for the same gene
were constrained to have the same ploidy to obviate the PCR
amplification noise of single amplicons and get more confident
absolute ploidy calls.

3. Tostudy other recurrent mutations in PDAC, which came from
the curation of the following two databases:

a. Bulk WES/WGS of PDAC autopsy, resection, derived-organoid
banks consisting of over 100 patients collected by the laco-
buzio lab and the MSK David M. Rubenstein Center for Pan-
creatic Cancer Research.

b. MSKIntegratedMutationProfilingofActionableCancerTargets
sequencing of PDAC attained from MSK cbioportal***,

The final design was 596 amplicons covering 253 genes’ UCSC
canonical exon transcripts. The full list of amplicons and more details
are provided in Supplementary Table 4.

Library preparation and sequencing. Library preparation and
sequencing were done as described in our previous paper, except
that for this batch of samples, we used the custom 596-amplicon panel
described above.

QC and cell calling. FASTQ files for snDNA libraries were processed
through Mission Bio’s Tapestri pipeline with default parameters.
Briefly, it trims adaptor sequences, aligns reads to the hgl9 genome
(UCSC) and assigns reads to cell barcodes. The CellFinder module
then filtered for barcodes corresponding to ‘complete cells/nucleus’
based on total read completeness (>8 x number of amplicons) and
per-amplicon read completeness (>80% data completeness for work-
ingamplicons, whichare defined as amplicons with>0.2 x mean of all
ampliconreads per qualified barcode).

Mutation calling. As afirst pass, with aligned snDNA reads (binary align-
ment maps, BAMs), Mutect2 (GATK, v.4.2.5.0) was used for mutation
callingandfilteringin each single-cell BAM. Preliminary technicalfilters
were applied, including ‘base_qual/low_allele_frac/weak_evidence/slip-
page/multiallelic/clustered_events’. Required minimum depth was four

Nature Genetics


http://www.nature.com/naturegenetics
https://github.com/mskcc/tempo
https://cmotempo.netlify.app/

Article

https://doi.org/10.1038/s41588-025-02468-9

reads and VAF was 0.2. Still, we observed many called mutations present
insmallnumbers of single barcodes, which are likely false positives from
PCR/sequencing errors. We concatenated mutations called in each
single cell, and with the beliefthat the false-positive rate of amutation
decreases exponentially with the number of barcodesitis detectedin,
we only considered mutations present in >3 single cells. It should be
noted that the choice of three single cells was arbitrary and came from
empirical testing, where a prevalencefilter of three single cells filtered
out good amounts of false-positive mutations while leaving enough
mutations for downstream, more stringent filters to be described below.

As asecond pass, we used the mutation list from the first pass for
genotypingin each single-cell BAM with ‘bcftools mpileup’, outputting
amutation by single-cell matrix that hasinformation for each mutation
ineachsingle cell.

Furthermore, to enable de novo mutation calling, we performed
the following QC steps, inspired by bulk DNA-seq bioinformatics.

Detecting rare variants leveraging multiregional sampling. Sam-
pling multiple regions of a tumor enables mutations that have alarge
clonalfractionin onesample butlower than detection threshold frac-
tioninanothertobe capturedinthe latter. Therefore, mutations from
allsamples of the same tumor were pooled and genotyped in all single
nucleiwith ‘bcftools mpileup’.

Filtering by relative prevalence and mutational signature. In both
neoplastic and normal samples taken from different organ sites, we
noticed a substantially similar mutational signature, signified by a
large proportion of T > C variants, enriched in mutations of <0.5%
single-cell prevalence detected by this snDNA-seq technology
(Supplementary Fig.1b). As different types of human tissues have been
shown to display distinct mutational signatures and the signature did
not seem to match any of them*, we deemed it likely artifactual and
decided to filter out all mutations below 0.5% single-cell prevalence.
T > Cvariantsin the 0.5-1% were also filtered.

Assembly of a panel of normal (PON). A PON, proven effective in
eliminating library artifacts in bulk sequencing, was assembled for
snDNA-seq from the following three sources:

1. Eightunrelated normal pancreas samples were subject to the
same snDNA-seq and mutational calling process (until filtering
by prevalence). Variants called in >4 unmatched normal
samples were discarded.

2. Variants present in abulk WES PON (gs://gatk-best-practices/
somatic-b37/Mutect2-exome-panel.vcf) were discarded.

3. snDNA-seq SNV lists of all tumor samples studied here were con-
catenated, and variants called in >50% samples, except for those
inknown hotspot (KRAS codon 12), were discarded. Manual cura-
tion 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.

To retain real SNPs/SNVs with high prevalence in the population,
variants with afrequency >0.01inthe 1000G 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 rate in any sample were discarded.

snDNA-seq genetics analysis

Calculating CCFs. With snDNA-seq, because we can observe VAF
of each SNV in each single cell, we could calculate CCF directly by
designating one clonal population as cancer, and measure the num-
ber of cells within that population that show a confident signal for
each mutation.

We first genotyped each mutation in each cell based on hard
thresholding—a mutation is considered positive in a cell given
>3 mutant reads, >0.2 VAF and =8 total depth.

To define the cancer clonal population, tumor cells were defined
asthose classified as nondiploid by Tapestri-CN, asingle-cell CN-calling
tool to be described below. Using CN to define cancer cells was pre-
ferred over indexing on particular mutations, as other bulk-sequencing
bioinformatics, for the following three reasons:

1. Itdoes not make any assumption based on a priori knowledge.

2. Using CN to define cancer cells is prevalent in single-cell
RNA-sequencing analysis of PDAC*.

3. Itorthogonally quantifies clonality of SNVs without using any
SNV as reference, thereby providing an objective view of rela-
tive clonality among SNVs, which is the primary goal for CCF
calculation.

Amplifications and homozygous deletions’ CCFs were calcu-
lated as the proportion of their corresponding clones as inferred by
Tapestri-CN. The CCFs of LOHs were calculated as the proportion of
their corresponding clones as inferred by fast-ConDoR.

The CCF value of 0.75 to distinguish between clonal and sub-
clonal drivers was chosen empirically (similar to prior literature using
bulk sequencing*’) as we observed a clear gap dividing two clusters
(cluster 1, TP53, CDKN2A, KRAS; cluster 2, SMAD4, ARID1A etc.) at that
value. It should be cautioned that this snDNA-seq CCF calculation
was subject to noise from technical dropout and sampling errors,
and the values should only be used for quantifying ‘relative’ clonality
among SNVs.

snDNA-seq phylogenetics analysis

CN calling from snDNA-seq data. We developed a new tool,
‘Tapestri-CN’ to infer the CN profiles of individual cells from the
snDNA-seq data. The tumor sample from each patient is composed
of multiple cancer clones with distinct CN profiles in varying propor-
tions. As such, we model each tumor sample as a mixture of multiple
CN profiles with unknown proportions, where the read count data
are given by a negative binomial model. We derive an expectation
maximization algorithmtoinfer the CN clones, their proportions and
the assignment of each cell to one of the CN clones in each tumor sam-
ple. Details of the model and testing/validation process are provided
inSupplementary Methods.

Single-cell clone phylogeny inference and refinement. We modified
our previously published method ConDoR" to make it scalable to our
dataset, which had cases with over 10,000 single cells as all samples
from the same patient were merged. The modifications required for
scalability are described in the Supplementary Methods. The updated
method fast-ConDoR takes the following asinput: (1) variant and total
read counts of mutation (SNPs or SNVs) in each cell, (2) CN clustering
of cells into distinct CN clones and (3) annotation of the mutations
into two groups—germline SNPs and somatic SNVs. The annotation
of mutations is required because, while SNVs are somatic mutations
that may be gained or lost during cancer evolution, SNPs are germline
mutations that are affected only by LOH events.

We obtained the annotation of the mutation measured from
snDNA-seq data by comparing them with mutations derived from
bulk-sequencing data of matched normaland tumor samples. Because
homozygous SNPs are not informative for cancer phylogeny inference,
mutations with pseudobulk VAF of >0.9 in snDNA-seq werefiltered out.
Upontesting fast-ConDoR, we found aset of loci recurrently called as
LOH in non-neoplastic clones (that is, cells without driver mutations
such as KRAS and TP53) in multiple patients, likely arising due to arti-
factual allelicimbalance at corresponding amplicons caused by PCR.
These loci were manually selected and filtered out.
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Fast-ConDoR produces a tree where the leaves represent the
sequenced cells and the edges indicate gain or loss of SNVs and SNPs.
To avoid overfitting the data, we merge CN clones with low proportions
(that is, comprising <0.1% total cells) and do not have any SNVs. This
wasimplemented because, based on observation of our samples, such
clones always had only likely false-positive LOHs called, thus could
notbe confirmed. We assign SNV and CN states to each internal vertex
using the Sankoff algorithm. Then, the branch length of each edge in
the phylogeny is calculated by combining the difference between the
SNVand CNstates of the source vertex u and target vertex v of the edge
using the formula below. CNV(v) is a vector that describes the copy
number states of the vertex v; Nygmaic iS the number of somatic SNVs,
and N oy isthe number of LOHs that occurred onthe edge. p,, p,and p,
arenormalization factorsarbitrarily set to 100/3,100/3 and 0.5, mostly
forillustration purpose.

P1 X Nsomatic + P2 X Non + P3 X [CNV(v) — CNV(u))|

Defining driver, finding the trunk of the tree. Because we designed
our panel to target only genes critical to pancreatic cancer develop-
ment and progression, we considered all functional mutations (non-
synonymous, intron, etc.) detected by this panel to be driver events.
Based on the pancreatic cancer genetic progression model
and our observation of the inferred phylogenies, none of which had
two early-diverging tumor branches, we simply define the trunk to
be the first edge that has a somatic SNV event when traversing the
treein preorder. For PC22 and PC24, which do not have somatic SNVs
covered by our panel, their trunk could be trivially found by hand.

Statistical analysis. Statistical comparison of KRAS mutation sc-VAF
distributionbetween early-stage and late-stage PDACs was performed
using a linear mixed-effects model (statsmodels v0.14.4 in Python),
witharandomintercept for eachsample toaccount for repeated meas-
urements. The fixed effect of stage (early versus late) was tested for a
one-sided alternative hypothesis (mean of late stage > mean of early
stage, thatis, the estimated effect size >0). The estimated effect size was
B=0.13(s.e.=0.08), withaone-sided Pvalue of 0.054. To compare the
BRCA biallelicinactivation probability between germline BRCA2 muta-
tion cases (6/6) and other cases (2/18), Fisher’s exact test was used to
test the hypothesis that there is no association between gBRCA status
and BRCA2 biallelicinactivation.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Processed H5 files required for replicating relevant analysis using
provided scripts (detailed in below section) are published on Zenodo
(https://doi.org/10.5281/zenodo0.17155593 (ref. 48)). Raw BAM files are
deposited to European Genome-phenome Archive (EGA) under Study
IDEGAS50000001351. The raw BAM data are available under restricted
access, as required by the MSKCC Medical Donation Program Data
Access Agreement (MSKCC MDP DAA). Readers interested in gaining
accessthrough EGA need to contact the dataaccess committee (DAC)
of this dataset and start an application. The DAC will try to respond
within 2 weeks but may take longer in special conditions. The MSKCC
MDP DAA, to be provided by the DAC and include guidelines and restric-
tions on datausage, must be signed. Once the applicationis approved,
an EGA account will be provided for data access. The time length of
access to the data will be determined by the DAC on a case-by-case
basis. Further information about EGA can be found at https://
ega-archive.org and ‘the European Genome-phenome Archive of
human data consented for biomedical research’ (http://www.nature.
com/ng/journal/v47/n7/full/ng.3312.html).

Code availability

The custom computational analysis pipeline consists of three mod-
ules—abioinformatics pipeline for single-cell mutation calling and gen-
otyping, available at https://github.com/haochenz96/TapVarCallSmk
or https://doi.org/10.5281/zenodo.17309019 (ref. 49). CN clone calling
pipeline, Tapestri-CN, available at https://github.com/haochenz96/
tap_cn_calling or https://doi.org/10.5281/zenodo.17309013
(ref. 50). The fast-ConDoR pipeline for phylogenetic analysis, avail-
able at https://github.com/Bolladeen/full-ConDoR or https://doi.
0rg/10.5281/zenodo.17309066 (ref. 51). The downstream analyses to
reproduce figures in the manuscript are available at https://github.
com/haochenz96/Tapestri_main_manuscript_analysis or https://doi.
org/10.5281/zenodo.17309023 (ref. 52).
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