The Evolutionary Forest of Pancreatic
Cancer

Katelyn M. Mullen?, Jungeui Hong?, Marc A. Attiyeh!, Akimasa Hayashi!, Hitomi Sakamoto!,

Zachary A. Kohutek!, Caitlin A. McIntyre?, Haochen Zhang!, Alvin P. Makohon-Moore!,

Amanda Zucker?, Laura D. Wood?, Matthew A. Myers3, Brian J. Arnold3, Simone Zaccaria3, ‘
Joanne F. Chou*, Marinela Capanu#, Nicholas D. Socci®, Benjamin J. Raphael3,

and Christine A. lacobuzio-Donahuel-67 \

g

Aq ypd-|,



https://crossmark.crossref.org/dialog/?doi=10.1158/2159-8290.CD-23-1541&domain=pdf&date_stamp=2025-1-10

ABSTRA The genomic features of pancreatic ductal adenocarcinoma (PDAC) have been well

described, yet the evolutionary contexts within which these features occur remain
unexplored. We studied genome landscapes, phylogenies, and clonal compositions of 91 PDACs in
relation to clinicopathologic features. There was no difference in the number of driver mutations or
evolutionary timing when each mutation occurred. High truncal density, a metric of the accumulation
of somatic mutations in the lineage that gave rise to each PDAC, was significantly associated with
worse overall survival. Polyclonal, monoclonal, or mixed polyclonal/monoclonal metastases were iden-
tified across the cohort, highlighting multiple forms of intertumoral heterogeneity. Advanced stage
and treated PDACs had higher odds of being polyclonal, whereas oligometastatic PDACs had fewer
driver alterations, a lower fractional allelic loss, and increased likelihood of being monoclonal. In sum,
our findings reveal novel insights into the dynamic nature of the PDAC genome beyond established
genetic paradigms.

SIGNIFICANCE: Although the pancreatic cancer genome has been described, it has not been explored
with respect to stages of diagnosis or treatment bottlenecks. We now describe and quantify the
genomic features of PDAC in the context of evolutionary metrics and in doing so have identified a novel

prognostic biomarker.

INTRODUCTION

The genetic basis of pancreatic ductal adenocarcinoma
(PDAC) has been well documented throughout the era of
next-generation sequencing. Through the International Can-
cer Genome Consortium (ICGC; refs. 1-3), The Cancer Ge-
nome Atlas (TCGA; ref. 4), Pan-Cancer Analysis of Whole
Genomes (5, 6), and others (7, 8), whole-genome sequencing
(WGS) and whole-exome sequencing (WES) have been per-
formed on 100 samples to reveal the complex mutational
landscape of primary tumors. These studies have revealed
both common and infrequent drivers associated with PDAC
and clarified the genetic basis of responsiveness to different
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standard-of-care therapies (1, 4). Notably, most samples used
in these studies were obtained from surgical resections. This
is rational given the amount of material needed for sequenc-
ing and that surgical resection is the most common mode
of obtaining PDAC tissue for research purposes. However,
patients with resectable disease comprise only 12% of newly
diagnosed PDAC cases (seer.cancer.gov). Furthermore, of those
who undergo resection followed by adjuvant therapy, more
than 80% relapse and ultimately die of their disease (9-11).
These statistics highlight the need to better understand the
more common clinical contexts of PDAC such as patients
with locally advanced or metastatic disease.

Nonetheless, collecting tumor tissue from patients with
stage III or IV disease has proven to be challenging in PDAC.
Unlike patients with early-stage disease, patients with late-
stage disease do not undergo surgical resection as part of their
disease management. As a result, samples are typically col-
lected using either a small tumor core biopsy or fine-needle
aspiration, often yielding samples with relatively lower over-
all cellularity than resections, which makes comprehensive
genomic assessment more challenging (12). Owing to these
technical challenges, PDAC has been underrepresented in
recent studies of metastatic cancer genomes across tumor types
(13, 14). Conversely, the MSK-MET pan-cancer cohort contains
nearly 1,800 PDAC samples, the largest study of metastatic
PDAC to date (15). Although this cohort is sizable, genomic
characterization is limited due to the use of a targeted sequenc-
ing approach. Furthermore, only a single metastatic sample
was studied for most patients. Single-sample analyses can
underestimate intratumoral heterogeneity because variants
identified as clonal in one sample may be subclonal or even
absent in another, giving rise to the “illusion of clonality” (16).

To circumvent some of these obstacles, sampling can be
conducted postmortem via research autopsies to enable
more extensive sampling than otherwise possible in a living
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Genomics of Late-Stage PDAC

patient (17). Although it remains unclear how many samples
are required to conclusively determine the composition and
clonality of drivers present in a patient’s tumor, a multire-
gion study of clear-cell renal cell carcinoma suggests that, for
larger tumors, four to eight samples are sufficient to capture
the majority of events (18). Thus far, a handful of multire-
gion studies have been published addressing specific clinical
contexts of PDAC, including treatment-naive patients with
stage IV disease (19), patients with recurrent disease after
resection and adjuvant therapy (20), and treated patients with
late-stage disease (21). Additionally, the genetic correlates of
transcriptional phenotypes in metastatic patients have been
explored (21, 22). Cumulatively, these cohorts were relatively
small (21, 22) and focused on transcriptional and genomic
features during metastatic progression, thus limiting the sta-
tistical power for a broader investigation of the evolutionary
histories of PDAC. Consequently, we believe that a compre-
hensive analysis of PDAC, including all stages of diagnosis
and standard-of-care treatment paradigms, is lacking. To this
end, we aim to quantify the evolutionary features of PDAC
that are stage- and/or context-dependent using a multiregion
sampling approach on a scale that has not yet been attempted.

RESULTS
Overview of Cohort

We identified 68 PDAC research autopsies from two insti-
tutions for inclusion in this study (Fig. 1A). Inclusion and
exclusion criteria for patients and samples used are detailed
in the “Methods” section. Forty-nine of the 68 research
autopsies were previously sequenced (19-21) and 19 were
newly sequenced for the purposes of this study (Fig. 1B;
Supplementary Table S1). To supplement the multiregion
sampled autopsy cohort, we also included 23 multiregion
sampled PDACs from surgical resection specimens (Fig. 1A).
All clinicopathologic details of the final cohort of 91 patients
are shown in Supplementary Table S1.

Collectively, our cohort included 660 distinct samples
corresponding to 262 distinct primary tumor samples, 307
metastatic samples, and one normal tissue sample from
each of the 91 patients (Fig. 1A; Supplementary Table S2).
The median number of tumor samples per resected primary
pancreatic cancer was three (range, 1-6). The median num-
ber of primary tumor samples per research autopsy was three
(range, 1-9), and the median number of metastases per
research autopsy was four (range, 1-15). All resected primary
tumor samples were treatment-naive, whereas research autopsy
samples were taken from both untreated and treated patients.
Metastases encompassed a broad spatial representation of 11
distinct metastatic sites that included locoregional recurrences
within the pancreas (Fig. 1C). Fourteen patients were oligo-
metastatic, which we defined as having zero to five metastatic
lesions cumulatively from diagnosis to death, as detected
by serial imaging results and comprehensive sampling at
autopsy (Fig. 1D; Supplementary Table S1; refs. 23, 24).
Patients with oligometastatic disease at autopsy were sig-
nificantly more likely to have been diagnosed with stage III
disease (P < 0.005; two-sided y? test) than patients with high
metastatic burden (Fig. 1E).

All stages of diagnosis were represented, with 36 (40%),
25 (27%), and 30 (33%) patients initially presenting with
stage I/II, III, and IV disease, respectively. The median
overall survival (OS) of the patients diagnosed with stage I/1I
(resectable) disease was 29 months (range, 4-94 months),
with stage III (locally advanced, nonmetastatic) disease was
17 months (range, 3-62 months), and with stage IV (meta-
static) disease was 6 months (range, 1-41 months; Fig. 1F;
Supplementary Table S1; ref. 25), consistent with expected
outcomes. Male and female patients were nearly equally rep-
resented, with the average age at diagnosis for females being
66 + 13 years and 64 + 12 years for males, respectively. Forty-
two patients (46% of cohort) reported a former or current
history of smoking and 25 patients (27% of cohort) had a
history of hyperglycemia or type 2 diabetes mellitus, both
of which are known risk factors for PDAC (26, 27). Sixteen
patients (18% of cohort) had histologic and immunohisto-
chemical features indicative of basal-like phenotypes ranging
from focal squamous features present in the recurrent disease
to frank squamous differentiation in one or more spatially
distinct sites of the primary tumor and matched metastases
(Supplementary Table S1). Oligometastatic PDACs were less
likely to have basal-like features than non-oligometastatic
PDACs, although this difference was not statistically signif-
icant (2/14 oligometastatic vs. 14/54 non-oligometastatic;
P =0.49; Fisher exact test).

Annotation of Driver Events

A major goal of next-generation sequencing analyses of
human tumor tissue is to identify driver gene alterations,
ie., mutations that are predicted to confer a selective survival
advantage for the neoplastic cells they occur in. Although
KRAS, TP53, CDKN2A, and SMAD4 are the most common
PDAC drivers, other genes may acquire deleterious somatic
alterations that also drive cancer cell survival, albeit at a lower
frequency (1, 4). Thus, when selecting a next-generation
sequencing assay, there is a trade-off between depth and
breadth; a high depth is required to accurately identify driver
gene mutations, whereas genome-wide detection of passenger
mutations helps identify distinct clones and copy-number
aberrations (28). We therefore sequenced samples using at
least two different methods (Fig. 1B; Supplementary Table S3)
and identified 77,741 unique somatic variants (Supplemen-
tary Table S4). These variants were screened using a multitool
bioinformatics annotation approach (“Methods” section),
resulting in the identification of 2,120 distinct driver gene
variants across 121 genes, in which the most frequently
observed PDAC drivers (i.e., KRAS and TP53) generally yielded
the highest support values (Fig. 2A; Supplementary Fig. S1;
Supplementary Table S5). Fourteen percent of drivers were
identified exclusively in the targeted sequencing dataset,
including major drivers such as KRAS, TP53, CDKN2A, and
SMAD4, highlighting the importance of deep sequencing
to detect driver mutations in lower-purity samples (Sup-
plementary Table SS5). The median number of coding driver
mutations identified per patient was three (range, 1-15), in
line with other recent reports (29, 30). Of the five patients
with eight or more driver mutations (PAM10, PAM40,
MPAMO08, MPAM18, and MPAM32), four harbored somatic
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Figure 1. Overview of study and clinical features of cohort. A, Schematic illustrating the source of samples from each institution. B, Overview of analy-
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Genomics of Late-Stage PDAC

mutations in mismatch repair genes, including MSH6 and
MSH2, of which 50% concurrently demonstrated the loss
of heterozygosity (LOH). An additional patient harbored
a somatic mutation in ATM, indicating a potential defect in
homologous recombination. The median number of driver
mutations identified per sample was three (range, 1-7),
indicating a degree of driver gene heterogeneity within the
cohort.

To address whether the genomic landscape of end-stage
PDAC differs from that reported for early-stage PDAC, we
compared our findings to other published datasets that con-
tain a predominance of resectable PDAC (1, 4). Common
driver genes, including KRAS, TP53, CDKN2A, and SMAD4,
among others, were mutated at similar frequencies across the
ICGC, TCGA, and our multiregion cohort (Fig. 2B; Supple-
mentary Table S6). We next compared the extent that driver
genes with recurrent nonsilent coding mutations (defined as
two or more patients) were identified in each study (Fig. 2C;
Supplementary Table S7). By this criteria, we find that five
driver genes are common to this current cohort, the ICGC
and TCGA (KRAS, TP53, CDKN2A, SMAD4, and GNAS). Six
recurrently mutated driver genes were identified in the cur-
rent cohort and the ICGC but not in the TCGA (ARIDIA,
ATM, PIK3CA, RNF43, TTN, and SMARCA4), whereas a single
recurrently mutated driver gene (U2AFI) was identified in the
current cohort and the TCGA but not in the ICGC. Recur-
rent mutations in 13 driver genes were unique to our cohort,
including SMAD2, SMAD3, and SF3BI1. Although KRAS mu-
tations were identified in 84/91 (92%) patients, we identified
a broader spectrum of mutant alleles, including E31K, G13P,
and G12L, than that reported in other studies (Fig. 2D;
refs. 1, 4). Our cohort contained seven patients with wild-type
(WT) KRAS who harbored driver alterations in BRAF, ATM,
PTEN, CDKN2A, TP53, and RBMI10 (Fig. 2E). One patient
had a known germline BRCA2 mutation and an inactivating
somatic alteration of the second allele. Two patients with
WT KRAS had deletions of CTNNAZ; in one of the patients
(PAM30), this was the only driver alteration identified despite
multiple independent sequencing efforts and adequate tu-
mor cellularity (31). We also identified 10 patients with KRAS
mutations who were found to have additional mutations in
genes involved in ERK signaling (Fig. 2F). These included NFI,
ERBB2, ERBB3, ERBB4, and EGFR, among others. For seven
of these patients, these mutations occurred in a subclonal
manner (Fig. 2G-I). These mutations occurred in both the
primary and secondary sites and in both treated and un-
treated patients.

Longitudinal data were available for nine patients in our
cohort, with one sample collected at surgical resection and
the rest collected after disease recurrence at autopsy. Seven
patients acquired additional driver mutations after treatment,
including alterations in PIK3CA, PDGFRB, HLA-B, and MSH2.
In the absence of available longitudinal samples for most
patients, we compared drivers identified among patients di-
agnosed at different stages of disease, i.e., in resectable PDACs
to unresectable PDACs. Resectable PDACs were all treatment-
naive, whereas unresectable PDACs were obtained from both
treated and untreated patients, allowing us to compare the
extent to which drivers were stage specific (only in stage
I/II vs. stages III/IV) or emerged after a treatment-induced

genetic bottleneck. Apart from known high-frequency driver
genes, the vast majority of drivers identified were observed in a
single patient. However, recurrent mutations in SMAD3 were
found in three PDACs (MPAM17, MPAM27, and MPAM?29),
all of which corresponded to treatment-naive resection spec-
imens. We also identified recurrent mutations in THAPI2
in the metastases of three additional PDACs (MPAMO7,
MPAM32, and PAMO3), all of which were conservative
p-Ala81Val missense variants. In two of the three patients,
these mutations were private to a single metastatic lesion.
Finally, we did not identify a significant difference in driver
counts between the 35 treatment-naive and 56 treated pa-
tients (Wilcoxon rank-sum test, P =0.55).

Given the range of driver mutations identified, we also ex-
plored the extent to which there was a relationship between
the number of altered driver genes identified and tissue site
(primary vs. metastasis). To account for the variable num-
ber of primary or metastatic samples per patient, we used a
generalized linear mixed model with random intercept and
covariance structure to model the number of distinct driver
mutations with respect to sample type (primary vs. metas-
tasis). In a univariate analysis, we observed a significant
increase in the mean driver mutation count in metastatic
samples compared with primary samples [beta = 0.178; 95%
confidence interval (CI), 0.027-0.32; P = 0.02]. Given this
observation, we further investigated whether there was any
relationship between the driver count and different meta-
static routes (lymphatic, hematogenous, and directly seeded;
ref. 32). Using the model outlined above, we found no sig-
nificant association between the route of metastasis and
number of driver genes (P =0.60). Although multiple driver
genes were identified across distinct metastatic sites or
routes, some were only observed in the context of specific
sites or routes. However, these mutations were rare events,
and we did not find any significant associations by gene en-
richment of different core signaling pathways and routes
of metastasis. The lack of association between any specific
gene or pathway and a particular metastatic route is in
keeping with early accumulation of driver gene alterations
that establish metastatic propensity, followed by alterna-
tive mechanisms that promote organ-specific colonization,
as previously reported (33).

Somatic Copy-Number Alterations

Previous genomic analyses of PDAC have revealed numer-
ous somatic copy-number alterations (CNA) affecting key
oncogenes and tumor suppressor genes, including KRAS,
TPS3, SMAD4, and CDKN2A, among others (1, 2, 4, 7). To this
end, we used Holistic Allele-specific Tumor Copy-number
Heterogeneity (HATCHet), an algorithm developed for anal-
ysis of bulk sequencing of multiregion sampled tumors, to
infer both allele- and clone-specific CNAs and their relative
proportions across multiple samples from a subset of 70 pa-
tients in which these metrics could be reliably derived (34, 35).
Our analysis revealed a notably high frequency of both clonal
and subclonal gains in KRAS and MYC compared with the rest
of the genome (Fig. 3A and B). A high frequency of clonal
and subclonal LOHs of CDKN2A, TP53, SMAD4, TGFBR2,
and ARIDIA was also observed. Unlike gains of KRAS and MYC
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that were predominantly subclonal in nature, LOH of PDAC
tumor suppressor genes were more likely to be clonal (Fig. 3B).
Additionally, homozygous deletions in these known PDAC
tumor suppressor genes were identified in 3% to 9% of pa-
tients, the majority of which were subclonal and co-occurred
with LOH events in the same gene. LOH of 8p was also no-
table among these 70 patients, although the multitude of
genes present in the region precludes identification of any
candidate driver genes. Of the four patients with WT KRAS,
we were able to obtain CNA calls for MPAM11, MPAM12,
PAM26, and PAM32; two exhibited gains in KRAS (PAM26
and PAM32). All four patients demonstrated LOH of SMAD4
and CDKN2A, whereas MPAM11, PAM26, and PAM32 also
exhibited LOH of TP53.

Overall, both genome-wide clonal (Wilcoxon rank-sum test,
P =2e-11) and subclonal (Wilcoxon rank-sum test, P = 0.0001)
LOH events were significantly more common than gains in
our cohort (Supplementary Tables S8 and S9). An LOH event
at any location was detected in all patients (Supplementary
Table S8); however, PAM25 was the sole patient without
any copy-number gains (Supplementary Table S10). Further-
more, both subclonal LOH events (Wilcoxon rank-sum test,
P =73e-12) and gains (Wilcoxon rank-sum test, P = 4.7e-14)
were significantly more common than clonal copy-number
events (Fig. 3C and D), suggesting that the majority of CNA
events occurred relatively later in tumor evolution, as reported
previously (3), and that they may play a crucial role in driving
intratumoral heterogeneity and tumor progression.

Whole-genome duplication (WGD) was identified in nearly
two-thirds (45/70) of patients (Fig. 3B). This exceeds pre-
viously reported rates of WGD in metastatic PDAC (5, 13),
potentially due to more comprehensive sampling per patient.
No significant association was found between the number of
driver mutations and tetraploid status [odds ratio (OR): 1.11;
95% CI, 0.88-1.51; P = 0.4]. We observed that tetraploid pa-
tients had a significantly higher number of clonal (Wilcoxon
rank-sum test, P = 0.013) and subclonal (Wilcoxon rank-sum
test, P = 2.99e-6) LOH events (i.e., fractional allelic loss) than
diploid patients, likely due to increased genomic instability
(Fig. 3E and F). Neither the proportion of clonal nor subclonal
gain events differed significantly with respect to WGD status
(Fig. 3F). Furthermore, we found that WGD did not occur
more frequently in treated than in treatment-naive patients
(Fisher exact test; P = 0.23). However, WGD was more frequent
in PDACs with basal-like features (13/14, 93%) than in classi-
cal-type PDACs (27/56, 48%; Fisher exact test; P < 0.003).

Timing of Somatic Events

We quantified intratumoral heterogeneity and evolution-
ary timing of somatic events in our cohort of 70 patients by
computing both cancer cell fractions (CCF) and descendent

<

cell fractions of single nucleotide variants (SNVs) in regions
of copy-number variation using the DeCiFer algorithm
(“Methods” section; Fig. 4A; ref. 36). SNVs were classified as
truncal if they were inferred to occur before the most recent
common ancestor (MRCA) and subtruncal if otherwise. Of the
63% of putative drivers for which a truncal status could be de-
termined (“Methods” section), 81% were classified as truncal and
the other 19% as subtruncal (Fig. 4B). PDACs with WGD did
not have a significantly different number of truncal or subtrun-
cal driver mutations compared with diploid patients. To com-
pare our results to traditional CCF methods, we ran DeCiFer
in CCF mode to determine whether truncal mutations were
consistently clonal. Overall, we found that most truncal driver
mutations were considered clonal based on CCF calculations.
Notably, we identified two KRAS mutations and one TP53 mu-
tation that were all found to be truncal yet had variant allele
frequencies that were consistent with subclonality. Upon
further investigation, we found that subclonal deletions and
gains likely contributed to these truncal mutations having
subclonal mutation frequencies, leading to erroneous conclu-
sions regarding the evolutionary timing of somatic mutations
from CCF estimates alone. Notably, KRAS driver mutations
were not universally determined to be truncal events. Of the
two patients harboring subtruncal KRAS mutations, one had
alternative truncal driver events in AKTI and GNAS (PAMA40).
The second patient, PAM46, underwent surgical resection
followed by adjuvant chemoradiation before passing away
from locally recurrent disease. Both the original surgical re-
section and all samples of recurrent disease harbored a G12R
mutation, which was determined to be truncal, whereas a
subtruncal G12D mutation was identified in two of the
eight samples of locoregional recurrence. Finally, in patient
MPAM26, two distinct truncal KRAS mutations were found
(G12D and E31K); however, manual review of sequencing
reads indicated that they occurred on different alleles. Given the
spectrum of clinical contexts represented in our dataset, we
studied whether the timing of accumulation of driver muta-
tions, i.e., before or after the MRCA (Fig. 4A), differed across
these contexts. First, we found no differences in the number
of truncal or subtruncal drivers between the 15 treatment-
naive stage I/Il PDACs versus the 10 treatment-naive stage III/IV
PDAC:s in our cohort (Fig. 4C); when clonal and subclonal
amplifications or homozygous deletions of driver genes were
included in this analysis (Supplementary Table S7), there re-
mained no statistically significant difference in the number
of driver events in untreated early-stage versus untreated late-
stage disease. We next focused on late-stage PDACs specifically
by comparing the number of truncal or subtruncal drivers in
the same 10 treatment-naive stage III/IV PDACs versus the 28
stage III/IV PDACs treated by standards of care; for the pur-
poses of this study, we consider treatments of any kind to indi-
cate PDACs were exposed to one or more treatment bottlenecks

Figure 2. (Continued) can be found in Supplementary Table S4. B, Frequency of somatic alteration for driver gene mutations identified in two or more
patients in the current study compared with the ICGC and TCGA. C, Overlap of driver genes with two or more nonsynonymous mutations in the current study,
ICGC (1), and TCGA (4) PDAC cohorts. The list of genes corresponding to the Venn diagram are in Supplementary Table S6.D, Frequency of KRAS alleles identi-
fied. E, OncoPrint illustrating KRAS-mutant PDACs with mutations in genes also associated with increased ERK signaling. F, OncoPrint illustrating driver gene
alterations found in KRAS WT PDACs. G, Image of resection specimen MPAMO9 sampled at four independent regions. H, Phylogeny of MPAMO9 indicating a
truncal KRAS mutation and a subtruncal NF1 inactivating mutation. I, Overlay of phylogeny onto sample site from MPAM09. Sample PT4 was found to have no

tumor cells. (Created with BioRender.com.)
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Figure 3. CNAs within multiregion cohort as determined by HATCHet. A, Genome wide frequency of CNAs in the cohort. Copy-number gains and
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*** P <0.001. (Created with BioRender.com.)

(Fig. 4C; Supplementary Table S1). Again, no differences were
found including when clonal and subclonal amplifications and
deletions were included. The median number of truncal drivers
per PDAC was 2 (Supplementary Table S11). Using this cutoff,
we did not observe any difference in OS between those with
more than versus less than two truncal drivers (log-rank test;
P = 0.2; Fig. 4D). We did find that a one-unit increase in the
number of truncal drivers increased all-cause mortality by 20%,
although this association did not reach statistical significance
(HR: 1.20; 95% CI, 0.95-1.53; P=0.14). There was no difference
in the number of truncal or subtruncal drivers among classical
PDACs when compared with those with basal-like features.
Given how few subtruncal drivers were identified, it is
not possible to know if truncal alterations in specific genes
were associated with an increased or decreased likelihood

of subsequent subtruncal alterations (37). In light of these
observations, we expanded our scope to assess the timing of all
SNV/insertion-deletion events. To do this, we calculated truncal
and subtruncal densities for each patient (Fig. 4E). Across the
cohort, we observed that subtruncal densities were signifi-
cantly larger than truncal densities (Wilcoxon rank-sum test,
P = 2.17e-09; Supplementary Table S11). No relationship
was observed between subtruncal density and the number of
samples analyzed per patient, confirming that increased sam-
ple number did not introduce bias (Fig. 4F). The majority of
patient outliers harbored mutations in genes associated with
DNA damage response, including MSH2, MSH3, ATM, and
POLQ. When comparing treatment-naive patients with early-
stage versus late-stage disease, we found that patients with
late-stage disease had larger truncal densities than patients
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worse 0S. GL, germline. (Created with BioRender.com.)

with early-stage disease (Wilcoxon rank-sum test, P = 0.02);
however, no significant differences were observed with respect
to subtruncal densities between these two groups (Wilcoxon
rank-sum test, P = 0.74). There were no significant differences

in the truncal or subtruncal densities between patients before
versus after surgical resection or in those with or without basal-
like features. Although there were no significant differences
between the subtruncal densities of late-stage treatment-naive
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Figure 5. Subclonal copy-number events define PDAC subclones. A, Schematic of possible clonal compositions of PDAC progressive disease. Unlike
monoclonal PDACs, polyclonal PDACs may be mixtures of clones within the same site or different sites. B, Proportion of patients with polyclonal or mono-
clonal metastases. C, Anatomical locations of discrete metastases used for bulk DNA sequencing from patient MPAMO1. D, Inferred copy-number states
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versus late-stage treated groups (Wilcoxon rank-sum test,
P = 0.53), treatment-naive patients had significantly larger trun-
cal densities (Wilcoxon rank-sum test, P = 0.03). Moreover, we
did not observe a relationship between truncal density and
the number of truncal drivers identified per patient.

Given these findings, we determined the relationship be-
tween truncal and subtruncal density and survival (Fig. 4G).
We found a significant association between truncal densities
(per one unit increase in log-scale) and OS (HR: 1.67; 95% CI,
1.16-2.42; P = 0.006). Upon categorizing truncal densities
into quartiles and adjusting for stage at diagnosis, age at diag-
nosis, and smoking history, we continued to observe worse
survival for patients with higher truncal densities (Q4) than
the reference group (Q1) with the lowest truncal densities
(HR: 2.91; 95% CI, 1.42-5.99; P = 0.004). Conversely, we did
not observe any association between subtruncal density and
OS (HR: 1.07; 95% CI, 0.81-1.42; P = 0.64). Cumulatively,
these data suggest that the extent of accumulation of somatic
alterations in the cell lineage that gives rise to the MRCA of
PDAC is a prognostic marker.

Smoking is a common risk factor for PDAC, contributing
to the development of up to 25% of cases (38, 39). We did not
observe a significant association between smoking status and
truncal density (Fisher exact test; P = 0.2), thus we investigated
the relationship between smoking and mutational signatures
prevalent within each sample. De novo extraction of mutational
signatures from 134,772 somatic alterations identified seven
double-base substitution (DBS), two insertion-deletion (ID),
and six single-base substitution (SBS) signatures. SBS de novo
signature-4, representing 21.0% of all SBSs, was found to be
most similar to Catalogue of Somatic Mutations in Cancer
(COSMIC) signature SBS29, whose etiology is tobacco related
(40), although it also showed similarity to COSMIC SBS4
(Supplementary Fig. S2A and S2B; “Methods” section). DBS
de novo signature-7 matched DBS2, also a tobacco-related sig-
nature. However, as SBSs accounted for 92.3% of all somatic
mutations identified, we focused solely on this subset for evalu-
ating the relationship of smoking-related mutational signatures
to PDAC evolutionary features. To account for correlations
within samples, we used a generalized linear mixed model with
random intercept and covariance structure to model the num-
ber of SBS de novo signature-4 mutations with respect to smok-
ing history status. In a univariate analysis, we did not observe
a relationship between smoking history and the number of
mutations attributed to the de novo SBS4 signature (P = 0.72).
Similar to previous reports (37), some patients with smoking
histories (current or former) contained samples that did not
harbor any smoking-related mutations. Conversely, several
never-smokers harbored mutations attributed to SBS de novo
signature-4. These findings suggest that, despite substantial
tobacco exposure in some patients, PDAC initiation may be in-
dependent of smoking-mediated mutagenesis.

-

Quantification of Subclones and Clinical Correlates

To date, the clonal composition of PDAC remains poorly
understood. To this end, we used HATCHet (34, 35) to
infer clonal populations and their relative proportions jointly
across multiple samples from the same patient (Supple-
mentary Table S8). The number of subclones identified per
patient ranged from one to five, with 34% of patients being
classified as monoclonal (Fig. SA and B). Patients with
polyclonal disease demonstrated varying degrees of clonal
mixing, with some patients exclusively comprising poly-
clonal samples (26%) and others harboring a mix of mono-
clonal and polyclonal samples (39%).

We identified a single polyclonal patient who did not ex-
hibit any clonal mixing, with two clones identified across
five monoclonal samples (Fig. 5C). Notably, all samples col-
lected from the right liver and abdominal wall metastasis
were composed of one clone, and metastasis from the left liver
(MPAMO1PTS) comprised exclusively of a different clone.
Although all five of the driver mutations identified in
MPAMO1 were truncal and present in every sample, we observed
mirrored subclonal CNAs, or differential gains or losses of
the maternal and paternal chromosomes in distinct tumor
clones (37). We found that clone 1 had a copy state of (1, 2)
or of (2, 4) across regions of chromosome 12 totaling 46.3 Mb,
excluding KRAS (Fig. 5D and E). Within these same regions,
clone 2 demonstrated LOH and amplifications of the opposite
allele with copy states of (2, 0) and of (4, 2). Numerous addi-
tional subclonal CNA events were also observed on chromo-
somes 1,4, 5,13, 15, 19, 20, and 21 (Fig. 5D). Similarly, PAMO1
demonstrated an abundance of subclonal CNAs spanning
across all chromosomes and totaling 1.7 Gb (Fig. SF-H). These
events varied in size, ranging from relatively focal events
(8q, olive green) to entire chromosomes (chromosome 4,
goldenrod; Fig. 5G). The copy-number state of KRAS differed in
each of the three identified clones (Fig. 5E); however, all clones
exhibited LOH of the B-allele (clone 1: 3, 0; clone 2: 12, 0; clone
3:5,0; Supplementary Table S8). Notably, mirrored subclonal
CNAs were observed on different chromosomes compared
with MPAMO1, including Sp and 18p (Fig. 5G and H). Overall,
51% (36/70) of patients harbored mirrored subclonal CNAs,
and the average frequency of any genomic bin harboring such
an event was 5.4%. This phenomenon was observed on every
chromosome, with chromosomes 3, 4, and 7 being the most
commonly altered across patients. Notable genes exhibiting
the highest frequencies of mirrored subclonal CNAs included
TGFBR2, MLH]1, and SETD2, all of which localize to chromo-
some 3p (41).

We found that treated PDACs had increased odds of
being polyclonal compared with treatment-naive cancers in a
multivariable adjusted analysis (OR: 4.54; 95% CI, 1.33-17.3;
P = 0.019; Fig. 5I). No significant association was found

Figure 5. (Continued) haplotype B-allele frequency (BAF; x-axis) and fractional copy number (y-axis) seen in E. F, Anatomical locations of discrete
metastases used for bulk DNA sequencing from patient PAMO1. G, Inferred copy-number states for clones identified in PAMOL. Each point represents a
genomic bin whose position corresponds to its inferred mirrored haplotype BAF (x-axis) and fractional copy number (y-axis) seen in H. In H, points labeled
a, b denote the corresponding haplotype-specific copy-number state with “a” indicating copies of the major haplotype and “b” indicating copies of the
minor haplotype. I, Multivariate analysis illustrating the odds of having polyclonal disease in relation to age, stage, and prior treatment. J, Proportion of
patients with monoclonal vs. polyclonal disease, categorized by four clinical scenarios of management of patients with PDAC. ¥, P < 0.05; ***; P <0.001.
K, Number of metastatic samples found to have monoclonal vs. polyclonal compositions. Dx, diagnosis (Created with BioRender.com.)
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Figure 6. Genetic features of patients with oligometastatic disease. Shown are the comparisons of the total number of driver gene mutations (A), the
prevalence of LOH and copy-number gain events (B) and the proportions of mono- vs. polyclonal disease (C) identified in oligometastatic PDACs compared

with non-oligometastatic PDACs. *, P < 0.05; **, P <0.001; ns, nonsignificant.

between the number of driver genes and polyclonal status
(OR: 1.08; 95% CI, 0.86-1.45; P = 0.6). Treatment-naive resec-
tion samples were more often monoclonal compared with
samples collected from recurrent disease after adjuvant ther-
apy (Fisher exact test, P = 0.004) and treatment-naive late-
stage PDACs (Fisher exact test, P = 0.049; Fig. 5]). Among
patients with late-stage disease, we did not find a significant
difference in the proportion of patients with polyclonal dis-
ease (Fisher exact test, P = 0.7) who were or were not treated.
Cumulatively, our findings indicate that a polyclonal compo-
sition of PDAC is significantly associated with disease recur-
rence after adjuvant therapy and advanced stage at diagnosis.
However, among late-stage PDACs, specifically, genetic bot-
tlenecks imposed by treatment do not lead to an increase in
proportion of polyclonality.

Expanding upon these observations, we considered the
diversity of metastatic sites represented in our cohort and
investigated the prevalence of polyclonality with respect to
different tissues. Although we found that metastases were fre-
quently polyclonal with respect to different sites and routes
of metastatic dissemination (Supplementary Table S2), none
of these observations reached statistical significance. How-
ever, the number of metastatic samples sequenced was sig-
nificantly higher in polyclonal patients than in monoclonal
patients (Wilcoxon rank-sum test, P = 0.00096; Fig. SK), likely
due to polyclonal PDACs being associated with more aggres-
sive features. Additionally, we observed a higher proportion
of polyclonal disease in tetraploid patients (33/45) than in
diploid patients (13/25); however, this did not reach statisti-
cal significance (Fisher exact test, P=0.11).

Features of Patients with Oligometastatic Disease

Although chemotherapy is the standard of care for patients
with metastatic disease, clinical management strategies re-
main poorly defined for patients with oligometastatic dis-
ease (42, 43). To this end, we determined the extent to which

patients with oligometastatic disease harbored genetic dif-
ferences compared with patients with widespread metastatic
disease. We found that patients with oligometastatic disease
have a median of one fewer drivers than patients with met-
astatic disease, but this did not reach statistical significance
(Wilcoxon rank-sum test, P = 0.081; Fig. 6A). No significant
associations between gene enrichment of various core sig-
naling pathways and oligometastatic status were found. Fur-
thermore, we found no differences in the number of truncal
or subtruncal drivers between patients with oligometastatic
versus metastatic disease nor did we find a difference with
respect to truncal or subtruncal densities.

With respect to CNAs, patients with oligometastatic
disease contained significantly fewer LOH events than
patients with metastatic disease (Wilcoxon rank-sum test,
P =0.02), although no differences were observed with re-
spect to gains (Fig. 6B). Notably, LOH in both TPS53 and
SMAD4 was significantly less common in patients with oli-
gometastatic disease (Fisher exact test, P = 0.049; Supple-
mentary Table S8); however, no difference was observed in
other common tumor suppressor genes. Although MYC gains
were less prevalent in patients with oligometastatic disease,
this did not reach statistical significance (Fisher exact test,
P =0.16). Extending upon these findings, we found that pa-
tients with oligometastatic disease were more often mono-
clonal than patients with widespread metastatic disease
(Fisher exact test, P < 0.001; Fig. 6C). Cumulatively, these
data suggest that patients with oligometastatic disease have
more genomically stable tumors, which in turn may restrain
metastatic efficiency (44).

DISCUSSION

This study both corroborates and enriches existing knowl-
edge of the PDAC genome (1, 4). Collectively, our multiregion
sampling approach (17) and broadened spectrum of disease
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Figure 7. Schematic illustration of truncal density, a novel biomarker of PDAC prognosis. Two identical phylogenies are shown with colored
circles indicating distinct clonal populations defined by copy-number states. The location of the MRCA within the evolutionary life history of each
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neoplasm, whereas subtruncal mutations (red x) occur on shared or private branches corresponding to distinct subclones. Patients with high truncal
densities (fourth quartile) were found to have poor prognosis in a multivariate analysis after controlling for age, stage at diagnosis, and smoking

history. (Created with BioRender.com.)

presentations enabled us to quantify the diversity of evolu-
tionary features in this tumor type and correlate them with
clinical attributes. A notable insight from this study was de-
rived from our introduction of the concept of truncal density
(Fig. 7). This metric quantifies the accumulation of somatic
alterations in lineages giving rise to infiltrating carcinoma
and was found to be an independent prognostic variable, re-
gardless of disease stage at diagnosis, patient age, or smoking
history. Truncal density can be influenced by various endog-
enous factors such as age-related clock-like mutagenesis (45),
chronic genotoxic stress induced by reactive oxygen species
(46), inflammation and increased cellular turnover (47), ac-
tivation of mutational stress responses (47), and exogenous
factors such as carcinogens from tobacco smoke (48). Con-
versely, there are mechanisms that could potentially decrease
truncal density during an individual’s lifetime, including in-
herent efficiency of DNA repair (49, 50), immunoediting (51),
or genetic drift (52). Notably, smoking history was neither re-
lated to truncal density nor was it correlated with the presence
of a tobacco-related mutational signature. We stress that this
does not imply that smoking is not a risk factor for PDAC,
but only that its contribution to PDAC incidence may extend
beyond accumulation of mutations. This finding aligns with
recent research on smoking and lung carcinogenesis (37),
presenting significant implications for both early detection
and prevention of PDAC. Furthermore, truncal density did
not demonstrate any relationship with the number or type
of driver mutations. This observation could reflect a more
generalized feature of the PDAC lineage, such as the extent
of epigenetic memory after the resolution of inflammation or
other injuries (53).

We confirmed that the majority of driver mutations were
truncal, and subtruncal drivers were relatively uncommon
(54), irrespective of disease stage and treatment. This obser-
vation lends optimism to the potential application of tar-
geted therapies against prevalent driver genes in this disease,
including KRAS (5SS, 56), as driver events are common to vir-
tually all cells in most PDACs. We also found that patients
with oligometastatic disease had a median of one fewer driver
mutations than those with widespread metastasis. This ob-
servation might be indicative of differences in the number
of clonal expansions between these two groups in which one
such expansion in the widespread metastasis group may have
encompassed an additional driver event, for example, deletion
of SMADA4. These clonal expansions likely occurred prior to
diagnosis given that nearly half of the patients with oligo-
metastatic disease did not experience disease progression be-
tween diagnosis and death. Moreover, these expansions may
have occurred in association with microenvironmental cues
or cell intrinsic features that provided a survival advantage
(57). Validation of this theory may guide surgical manage-
ment in the setting of oligometastatic disease, which remains
a controversial topic (42, 43). Subclonal LOH and gains were
significantly more common than clonal copy-number events,
suggesting that the majority of CNAs occurred relatively later
in tumor evolution, as reported previously (3), and that they
may play a crucial role in driving intratumoral heterogeneity
and tumor progression. Subclonal CNAs, ranging in size from
focal events to entire chromosomes, defined distinct popula-
tions in polyclonal patients. Notably, some of these events
had different numbers of copies of both parental haplo-
types in different tumor clones, which we refer to as mirrored
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subclonal CNAs (37). Although mirrored subclonal CNAs were
identified genome-wide, their biological significance remains
unknown. Chromosome 3p had the highest rate of mirrored
subclonal CNAs, which may indicate that genes in this region
are particularly impacted by convergent evolution (41).

Finally, our findings underscore the necessity of analyzing
evolutionary features within the context of different clinical
scenarios. In doing so, realization of the features of the “evo-
lutionary forest” of each tumor type will indicate how to best
use evolutionary metrics in clinical management and adaptive
clinical trials (58, 59). For example, the evolutionary histories
exhibited in our study display profound differences compared
with other solid tumors such as lung or renal cell cancer, in
which subtruncal drivers are more prevalent (54), and current
investigations are examining their role in shaping clinical man-
agement strategies (52). Specifically in PDAC, prior studies
have shown a correlation between the number of driver gene
alterations and outcome in resectable PDAC (60). In this in-
stance, it is conceivable that determinations of truncal density,
combined with the number and characteristics of driver gene
alterations in treatment-naive PDACs, may aid clinical man-
agement by redefining the optimal candidates for surgical
resection, radiation, or targeted therapies. Elucidating these pat-
terns in large-scale datasets has the potential to unravel unique,
disease-specific, therapeutic approaches, fostering an era of
more personalized and effective cancer treatment strategies.

METHODS
Ethics Statement

Written informed consent was obtained from all patients whose
tissues were used. The study was conducted in accordance with
recognized ethical guidelines (e.g., Declaration of Helsinki, CIOMS,
Belmont Report, U.S. Common Rule) and approved by the Institu-
tional Review Boards of the Johns Hopkins School of Medicine and
Memorial Sloan Kettering Cancer Center.

Tissue Sample Collection and Processing

Tumor and matched normal tissues were collected through the
Gastrointestinal Cancer Rapid Medical Donation Program at the
Johns Hopkins Hospital (samples prefixed with PAM) and the Last
Wish Program at Memorial Sloan Kettering Cancer Center (samples
prefixed with MPAM). Premortem informed consent was obtained
from all subjects. Subsequent to their demise, a research autopsy was
conducted, and samples from the primary tumor (if not already re-
sected), local recurrence, and metastasis were harvested. All samples
were split into equal halves for snap-freezing in liquid nitrogen and
formalin fixing respectively such that the fresh frozen sample was
a mirror image of the formalin-fixed, paraffin-embedded (FFPE)
sample. Hematoxylin and eosin sections were prepared from either
frozen or FFPE tissues and reviewed by a gastrointestinal pathologist
(A. Hayashi and C.A. JTacobuzio-Donahue) (i) to confirm the diagnosis
of PDAC and (ii) to identify tumor-rich regions (>30% cellularity) for
DNA purification. For frozen tissues, serial 20-pm sections were cut
from optimal cutting temperature embedded tissue and the area of
interest scraped from the slide using a blade. For FFPE tissues, a core
was directly punched from the tissue block.

DNA Sequencing

Genomic DNA was extracted using the DNeasy Blood & Tissue
Kit (QIAGEN) following the manufacturer’s protocol. DNA quanti-
fication, library preparation, and sequencing were performed in the

Integrated Genomics Operation, and preliminary bioinformatics
analysis was performed by the Bioinformatics Core at the Memori-
al Sloan Kettering Cancer Center. Briefly, the Illumina HiSeq 2000,
HiSeq 2500, HiSeq 4000, or NovaSeq 6000 platform was used. The
majority of samples (n = 545) had WES performed at 250x coverage;
34 samples had WES performed at 150x coverage and 77 samples
had WGS performed at 60x coverage. The resulting sequencing reads
were analyzed in silico to assess quality and overall coverage, and align-
ment to the human reference genome hgl9 was performed using
BWA v0.7.17 (61). Read deduplication, base quality recalibration, and
multiple sequence realignment were performed using the Picard suite
and GATK v.3.1 (62). Somatic single-nucleotide variants and ID muta-
tions were detected using Mutect2 (v4.1.2.0) and HaplotypeCaller v.2.4
(63). To validate the mutations found from WES and WGS datasets,
one of two different targeted sequencing approaches were used. The
majority of samples was sequenced with one of multiple versions of
the MSK-IMPACT panel (IMPACT 410, n = 68; IMPACT 468, n = 105;
and IMPACT 505, n = 174) with a mean coverage of 500 to 1,000x.
Another 285 samples were sequenced using a custom targeted panel
described elsewhere (Supplementary Table S3). BAM files and associ-
ated metadata have been uploaded to the European Genome-Phenome
Archive (64).

Filtering and Annotation of Variants

For each patient, somatic variants were filtered using the follow-
ing criteria: patient-matched normal coverage >10 reads, variant
count in patient-matched normal <2 reads, patient-matched nor-
mal variant frequency <0.02, tumor coverage >20 reads, and tumor
variant allele frequency (VAF) 20.05 in at least one tumor sample.
Variants were further filtered to include those present in coding
regions only. Mutations located in blacklisted regions defined by
ENCODE and RepeatMasker (https://github.com/mskcc/ngs-filters/
blob/master/data/source.txt) were ignored. In FFPE samples,
if a mutation exhibited VAF <0.1 and was identified as a C>T sub-
stitution, it was considered an FFPE artifact and thus excluded
from subsequent analyses. Filtered variants were then annotated by
OpenCRAVAT v2.2.7 (65) to identify likely functional driver muta-
tions. When available, criteria for determining whether a mutation
should be considered a driver by a given module were informed by
recommendations made for interpreting results from the module in
the OpenCRAVAT store. For CHASMplus (66), the adjusted P-value
had to be <0.05. For COSMIC (67), variants had to be present at least
four times in the database to be considered a driver. For ClinVar (68),
the clinical significance value had to be “Pathogenic,” “Pathogenic/
Likely pathogenic,” “Likely pathogenic,” “Pathogenic, drug response,
other,” or “drug response”, and the Review Status had to be “criteria
provided, multiple submitters, no conflicts” or “reviewed by expert
panel.” For OncoKB (69), a mutation had to be labeled as either
“Oncogenic” or “Likely Oncogenic.” For REVEL, the score had to be
>0.7 (70, 71). These modules were selected on the basis of a survey of’
the most commonly used variant annotators in scientific literature.
A final driver score for each mutation was calculated by tallying how
many annotators classified the mutation as a driver event (maximum
score = 5). Mutations with a score of 2 or higher were considered driv-
er mutations and those with a score of 1 or lower were not.

Copy-Number Analysis and WGD Prediction

WGD and allele-specific CNAs were inferred for WES and WGS
datasets using HATCHet v1.2.0 (34, 35). Only autosomes were used
for copy-number analysis, and phasing was performed with SHAPEIT
v2.r90 (72). Upon manual review of computed read-depth ratios,
B-allele frequencies, and clusters, parameters for clustering refine-
ment were reviewed for consensus by four of the authors (K.M.
Mullen, BJ. Arnold, M.A. Myers, and B.J. Raphael). Copy-number
calls of sufficient quality could not be obtained for 21 patients.
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Evolutionary Analysis of Driver Mutations

To identify clusters of SNVs which occur in the same phylogenetic
branch of tumor evolution, we used DeCiFer v2.1.3 (36). HATCHet
output was used as the copy-number input for this analysis. There-
fore, only the subset of 70 patients with HATCHet results under-
went analysis with DeCiFer. To ensure timely run completion, we
required a minimum VAF of 0.05 for WES datasets and 0.1 for WGS
datasets. To generate custom state trees, a maximum copy number of
6 was used for each patient. When the total copy-number profile of
a given mutation was >6 or read depths were not >1 across all
samples, mutations could not be analyzed by DeCiFer. Furthermore,
the timing of driver mutations identified exclusively in targeted se-
quencing datasets could not be analyzed with DeCiFer because
HATCHet could not be performed on these datasets. Truncal and
subtruncal densities were calculated by dividing the number of trun-
cal or subtruncal SNVs at sites with >10x depth by the number of
genomic positions using the same depth threshold.

De Novo Mutational Signature Analysis

De novo mutational signatures including SBS, DBS, and ID were
evaluated in comparison with COSMIC Mutational Signatures ver-
sion 3 (https://cancer.sanger.ac.uk/signatures/) using the R package
Palimpsest (73). Only somatic variants that met the filtering criteria
outlined in the “Filtering and Annotation of Variants” section, and
those located within 5" or 3" UTR regions, were included in this analysis.
Additionally, FFPE tumor samples were excluded as they induce mas-
sively unique signatures that are not relevant with cancer progression.
Significant de novo mutational signatures were extracted using the
nonnegative matrix factorization algorithm (74). The maximum
number of nonnegative matrix factorization runs and de novo signa-
tures were set to 30 and 20, respectively. Finally, we assigned the most
representative de novo signature of SBS, DBS, and ID types among all
those extracted to each variant based on probability scores generated
by Palimpsest.

Data Visualizations

The oncoPrint was created with CoMut (75). Anatomic diagrams
and schematics and other annotations were created using BioRender

(https://biorender.com/).

Data Availability

All BAM files and associated metadata for each patient in this
study are publicly available through the European Genome-Phenome
Archive (EGA; http://www.ebi.acu.uk/ega) under the accession num-
ber EGAS00001007379 (64).
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