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SUMMARY

Pancreatic ductal adenocarcinoma (PDAC) is a highly aggressive disease with limited therapeutic options. 

While genome profiling has benefitted clinical decision-making in many cancer types, PDAC remains among 

the most lethal solid cancers and has relatively few clinically actionable molecular targets. Using a multi- 

omics approach, we integrate whole-genome and transcriptome datasets along with proteomics and clinical 

metadata to identify copy-altered regions with significant impact on expression at the whole-genome scale. 

This approach identified SMURF1, ARPC1A, ZSCAN25, and BRI3 as focally amplified and over-expressed 

genes located on chr7q21/22 with expression negatively correlated with patient survival. We extrapolate 

these results into a pan-cancer analysis to demonstrate that the association between SMURF1 amplification 

versus expression is strongest in PDAC among 23 other cancer types. Taken together, these data provide a 

detailed overview of the copy number landscape in PDAC while highlighting chr7q21/22 amplification as a 

recurrent somatic event impacting both gene expression and patient survival.

INTRODUCTION

Genomic profiling has been a catalyst for the development of 

novel therapeutics in cancer care. BCR-ABL fusions and HER2 

overexpression are early examples of targetable genomic events 

that evolved the personalized medicine paradigm for chronic 

myelogenous leukemia and breast cancer, respectively.1,2 In 

colorectal cancer, RAS mutation, BRAF mutation and microsat

ellite instability (MSI) are genomic markers that guide clinical de

cision-making.3 While advancements in precision medicine have 

contributed to increases in survival for many cancer types, 

pancreatic ductal adenocarcinoma (PDAC) still faces significant 

challenges, with 5-year survival of only 12% - the lowest of all 

cancer types included in the 2023 US cancer statistics.4

Patients diagnosed with PDAC often experience a delayed 

onset of symptoms and rapid disease progression, and this limits 

opportunities for clinical trial enrollment and tumor profiling. 

NRG1, NTRK, and ALK fusions, germline BRCA/PALB2 muta

tions, and, more recently, KRAS G12C mutation, are among 

the few clinically actionable genomic events that have been iden

tified in PDAC, and only account for approximately 20% of pa

tients.5 While mRNA and chromosome structural variation sub

types have been associated with patient survival, strategies 

targeting such subtypes remain in early stages of develop

ment.6–8 As the mutational landscape of PDAC was elucidated 

with the emergence of large sequencing-based trials, studies 

often reported on the most frequently mutated genes in PDAC, 

converging on driver events affecting KRAS, TP53, CDKN2A, 

iScience 28, 113176, August 15, 2025 © 2025 The Authors. Published by Elsevier Inc. 1 
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

ll
OPEN ACCESS

http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:david.schaeffer@vch.ca
https://doi.org/10.1016/j.isci.2025.113176
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2025.113176&domain=pdf


.

.

N
um

be
r o

f s
am

pl
es

0

10

20

30

Copy status
Gain Homozygous loss Heterozygous loss Neutral

Chr

Sa
m

pl
es

 (n
=6

9)

Genome segments

Copy status
Gain
Homozygous loss

1 53 7 119 13 1715 21192 64 8 1210 14 1816 2220

A

0 20 40 60

STK11, CBARP

PTPRD

RHD

SMAD4

CDKN2A

LINC01262, LOC105379514

FAM90A2P, FAM86B1

KANSL1, ARL17A,... +4

LINC01410

FAM35DP

NTF3, ANO2

MUC20,... +3

MIR663B,... +2

LOC101927845

NBPF20

Percentage of samples (%)
Copy status

Gain Homozygous loss

B C
24

18
14

13
9
8
8
8
8
8

7
6
6
6

9
7

6
6
6

35

0 3 6 9 0 20 40 60
Number of samplesNumber of SNV/indels

PRSS3

AQP7

TEKT4P2

KCNJ12

SMAD4

AHNAK2

TP53

KRAS

IRF7

SLC35G5

CDKN2A

STK11

MIR662

DBH-AS1

[NA]

G
en

om
ic

 b
in

s 
(2

0 
kb

p)

Mutation status
Hom. loss Het. loss and SNV Het. loss
Gain and SNV Gain Neutral and SNV Neutral

Chr3
Chr2
Chr8
Chr1

Chr9
Chr10
Chr12

Chr16

Chr8
Chr17

Chr19

Chr18
Chr9

Chr4

Chr19
Chr8
Chr9
Chr1

Chr12

Chr12

MDM2, LYZ ,YEATS4 ,FRS2,... +8

KRAS

PAF1, MED29, DYRK1B,... +24

(legend on next page) 

2 iScience 28, 113176, August 15, 2025 

iScience
Article

ll
OPEN ACCESS



and SMAD4.8–11 Meanwhile, some of the most successful tar

gets in PDAC, such as NRG1 fusion, have been found to occur 

in less than 5% of patient tumors.12 To date, a genome-wide 

assessment of copy number variants (CNVs) remains a critical 

opportunity to uncover additional molecular targets in PDAC. 

Here, we perform an integrated bioinformatics analysis using 

whole-genome DNA, RNA, proteomics, and clinical metadata 

from a cohort of tumor samples collected from patients with 

treatment-naı̈ve metastatic PDAC.

RESULTS

Assessing the copy number landscape of pancreatic 

ductal adenocarcinoma reveals recurrently copy- 

altered genes

To comprehensively investigate the CNV landscape in metasta

tic PDAC, we utilized whole-genome sequencing data from a 

cohort of 69 patient tumor samples. The majority of samples 

were biopsied from metastatic sites on the liver (n = 59; 

85.51%), while other samples were biopsied from the pancreas 

(n = 3; 4.35%) and other metastatic sites including lymph nodes 

(n = 3; 4.35%), peritoneum (n = 1; 1.45%), lung (n = 1; 1.45%), 

omentum (n = 1; 1.45%), and abdominal wall (n = 1; 1.45%). Me

dian age at diagnosis was 60 years (min = 38, max = 78) and 

60.87% (n = 42) of patients were male. The majority of patients 

received either FOLFIRINOX (n = 37; 53.6%) or gemcitabine 

plus nab paclitaxel (n = 20; 29.0%) as first line therapy for their 

metastatic disease, and all treatments were initiated after the bi

opsy for sequencing was performed.

Using tumor sequencing data, copy number status was first 

calculated for each of 144,061 non-overlapping, 20 kb-sized 

bins across all chromosomes for each sample and identified 

copy-neutral, amplification, heterozygous loss, and homozy

gous loss bins. For visualization purposes, adjacent bins with 

identical copy status in all samples were merged, resulting in 

5,271 unique genome segments (Figure 1A). To aid in the visual

ization of recurrent CNV events, the number of samples with a 

CNV was counted for each genome segment. To investigate 

recurrent events in more detail, we identified segments that 

showed amplification in three (4.35%) or more samples (56/ 

5,271; 1.06%) or homozygous loss in three or more samples 

(n = 31/5,271; 0.59%) and mapped each segment to any over

lapping genes (Table S1). Genes overlapping the most recur

rently amplified segments included neuroblastoma breakpoint 

family gene NBPF20 (n = 24 samples; 34.78%), microRNA 

MIR663B (n = 14; 20.29%) and mucin family member MUC20 

(n = 13; 18.84%). Recurrent homozygous deletion segments 

included genes such as blood group antigen gene RHD (n = 7; 

10.14%), protein tyrosine phosphatase member PTPRD (n = 6; 

8.70%) as well as a focal segment on chr8 (hg19 coordinates 

2,240,001–2,260,001) that did not overlap with any coding ele

ments (n = 6; 8.70%; Figure 1B). Known PDAC driver genes, 

including KRAS (copy amplification in nine samples), CDK2NA 

(deletion in 35 samples) and SMAD4 (deletion in nine samples), 

were also among the top recurrent targets of copy alteration.

Amplification of alleles harboring oncogenic KRAS single 

nucleotide variants (SNVs) has been well-documented in a sub

set of patients with metastatic PDAC.13 Motivated by this obser

vation, and to investigate associations between CNV events and 

overlapping point mutations at a genome-wide scale, we first 

calculated average mutation density (mean number of SNVs/in

dels) for each bin across all samples to compile a list of highly 

mutated bins (Table S2). We then assessed, for each bin, the 

number of samples with ‘‘two hits,’’ defined as having heterozy

gous deletion of the entire bin and at least one SNV/indel 

observed in the same bin, or having homozygous deletion of 

the entire bin (Figure 1C). Bins with highest SNV/indel density, 

regardless of copy status, were found to overlap potassium 

channel subfamily member KCNJ12 (mean = 1.0 SNV/indels 

per sample; n = 12 samples with two hits), pseudogene TEKT4P2 

(mean = 0.96 SNV/indels; n = 2 samples with two hits), aquaporin 

AQP7 (mean = 0.94 SNV/indels; n = 2 samples with two hits), 

serine protease PRSS3 (mean = 0.94 SNV/indels; n = 2 samples 

with two hits) and KRAS (mean = 0.91 SNV/indels; n = 11 sam

ples with two hits). Bins with the highest number of samples hav

ing two hits overlapped genes including tumor suppressors TP53 

(n = 49 samples with two hits; mean = 0.87 SNV/indels), CDKN2A 

(n = 41; mean = 0.17 SNV/indels) and SMAD4 (n = 14; mean = 

0.19 SNV/indels) as well as nucleoprotein AHNAK2 (n = 9; 

mean = 0.46 SNV/indels), solute carrier family member 

SLC35G5 (n = 7; mean = 0.16 SNV/indels) and serine/threonine 

kinase STK11 (n = 7; mean = 0.13 SNV/indels). We also observed 

a region on chr4 (hg19 coordinates 49,480,001–49,500,001) that 

had two hits in five samples and mean = 0.14 SNV/indels but did 

not overlap any coding element. Taken together, these data offer 

a comprehensive, genome-wide summary of the copy number 

mutation landscape in metastatic PDAC and offer a compendium 

of genes of interest for future study.

Transcriptome data integration identifies RNA- 

impactful copy number variant events

Given the large list of recurrently copy-altered bins, we sought to 

stratify our results to identify a subset of bins that are most likely 

to contribute to tumorigenesis. Intuitively, the impact that a CNV 

Figure 1. Copy number landscape of PDAC reveals recurrently copy-altered genes 

(A) Heatmap depicts copy number status across all samples (n = 69) for all segments of the genome. Chromosome mapping provided by the top overlay. Upper 

bars indicate the number of samples in which each genome segment was found to be copy number amplified (red) or deleted (blue). 

(B) Bar plot summarizes the most recurrently amplified (red) or deleted (blue) genome segments across the sample cohort. Numbers near the edge of each bar 

indicate the number of samples in which the CNV was observed. Accompanying text lists genes that overlap each genome segment. Karyogram-like images (left) 

depict the location of each genome segment on the respective chromosome. 

(C) Boxplot shows the mutation (SNV/indel) density for genome segments that had the highest average (mean) mutation density and/or the highest number of two 

hits. ‘‘NA’’ signifies that no gene was found to overlap the segment. Accompanying bar plots (right) show the distribution of copy number statuses for each 

genome segment. Boxplots indicate median (central line) and 25–75% IQR (bounds of box), and whiskers extend from box bounds to the largest value no further 

than 1.5 times the IQR.
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has on the cell can be correlated to the magnitude of effect it has 

on the expression of the affected gene(s), as has been demon

strated for a subset of oncogenes and tumor suppressors,14

including KRAS at an allelic-specific level in PDAC.13 Identifica

tion of amplification and homozygous deletion events that result 

in significantly higher or lower (respectively) expression changes 

at the affected region therefore presents a strategy to filter for 

events that are more likely to be biologically relevant. To achieve 

this, we identified bins that were (a) recurrent targets of amplifi

cation or homozygous deletion and (b) had significantly 

increased or decreased (respectively) mRNA levels using a 

three-step bespoke bioinformatics pipeline (Figure 2A). This 

identified 2,444 and 269 RNA-impactful amplification and dele

tion bins, respectively, hereafter referred to as ‘‘RNA-impactful 

bins’’ (Figure 2B). RNA-impactful bins were further filtered using 

a threshold absolute difference (copy-altered vs. neutral) in RNA 

coverage of 0.25 log10 RPKM (n = 274, Table S3). Gene set 

enrichment analysis (GSEA) using genes overlapped by RNA-im

pactful bins (n = 164) revealed significant enrichment of path

ways including: genes residing on chr7q21/22 that are amplified 

in breast cancer (p = 6.77e-27) and genes previously found to be 

amplified in pancreatic (p = 3.10e-7) and glioma (p = 6.90e-4) tu

mor types (Table S4).

Finally, amplification events were filtered to only include 

amplification bins part of focal amplification events (size ≤3 

Mb) in all affected samples (n = 50; Table S5) and bins were 

then mapped to affected genes (n = 38 genes; 24 and 14 

affected by amplification or deletion, respectively). Co-expres

sion and co-occurrence analysis were performed to assess re

lationships between genes affected by RNA-impactful bins, and 

a cluster of genes co-amplified along ch7q21/22 was identified 

(Figure 2C). Mass spectrometry protein quantification data were 

available for a subset of genes affected by filtered RNA-impact

ful bins (n = 21), and enabled side-by-side comparison of the ef

fect of copy status on protein and mRNA levels (Figures 2D and 

S1). Copy amplification was associated with significantly higher 

protein and mRNA levels for PDAP1 (copy amplified versus 

neutral; protein p = 5.35e-4; mRNA p = 0.0021), BAIAP2L1 (pro

tein p = 5.81e-4; mRNA p = 0.0026), ASNS (protein p = 0.0029; 

mRNA p = 0.0018), RIOK3 (protein p = 0.027; mRNA p = 

1.43e-5), NPC1 (protein p = 0.020; mRNA p = 3.59e-5), and 

TECPR1 (protein p = 0.020; mRNA p = 0.0011). Taken together, 

these data highlight a group of genes affected by recurrent copy 

amplifications that are strongly tied to upregulation at both the 

mRNA and protein levels.

A subset of the filtered RNA-impactful bins (25/274; 9.12%) 

did not overlap any gene coding region and were assessed for 

overlap with enhancer-related epigenetic marks H3K4me1, 

H3K27ac and H3K27me3 indicative of poised (H3K4me1 

and H3K27me3), primed (H3K4me1) and active (H3K4me1 

and H3K27ac) enhancers, using healthy pancreatic tissue 

data from the International Human Epigenome Consortium 

(IHEC) database.15 All 25 bins were amplification events. In 

the two available IHEC samples, 11/25 (44.0%) of bins were 

found to overlap epigenetic marks indicative of at least one 

active enhancer region (Figure S2). Of these 11 bins, four 

were located on chr1, six on chr8, and one on chr18. One 

bin located on chr8 was found to overlap a primed enhancer 

region.

Survival analysis further stratifies genes affected by 

RNA-impactful copy number variants

To further stratify the list of genes affected by RNA-impactful 

CNVs, expression levels of each gene were assessed for their 

association with overall survival (OS). Genes with expression 

values significantly associated with OS were SMURF1 (hazard 

ratio (HR) = 3.9; 95% confidence interval (CI) = 1.8–8.5; 

p = 0.015), ARPC1A (HR = 3.5; 95% CI = 1.6–7.9; p = 0.022), 

ZSCAN25 (HR = 2.9; 95% CI = 1.3–6.1; p = 0.048) and BRI3 

(HR = 2.9; 95% CI = 1.3–6.4; p = 0.048; Figure 3A). Median OS 

levels between high (>75th quantile) and low (<25th quantile) 

expression groups included 7.1 versus 16.2 months (respec

tively) for SMURF1, 10.3 vs. 16.7 months for ARPC1A, 7.0 vs. 

14.0 months for ZSCAN25, and 11.9 vs. 17.6 months for BRI3 

(Figure 3B).

We next investigated the relationship between copy amplifica

tions affecting SMURF1, ARPC1A, ZSCAN25 and BRI3 and mu

tation events that are common to PDAC, including CNV and 

SNV/indel status of KRAS, TP53, CDKN2A, SMAD4, ARID1A, 

MYC, KMT2D/C and RNF43 (Figure 3C). At least one of 

SMURF1, ARPC1A, ZSCAN25, and BRI3 was amplified in 5/69 

(7.2%) of samples, while all four genes were co-amplified in 

4/69 (5.8%) of samples. The frequency of CNV and SNV/indel 

events in genes commonly mutated in PDAC was not signifi

cantly different between patients with co-amplification of 

SMURF1/ARPC1A/ZSCAN25/BRI3 vs. other patients. Between 

these two groups, there were no significant differences in tumor 

mutational burden (TMB; p = 0.27) as well as the distribution of 

Moffitt (p = 0.58), Collisson (p = 0.63), Bailey (p = 0.64), and 

Karasinska (p = 0.19) molecular subtypes. Patients with the 

Figure 2. Transcriptome data integration identifies RNA-impactful amplifications 

(A) Analysis overview for the identification of RNA-impactful bins, spanning RNA-seq read mapping to bins, bin-wise comparison of RNA-seq coverage between 

copy number altered and neutral status, and mapping of bins to their affected gene. 

(B) Scatterplot depicts the results of RNA-impactful bin identification analysis. Vertical line indicates p value = 0.05. Horizontal lines indicate threshold expression 

difference (copy-altered vs. neutral) at which RNA-impactful amplifications and deletions were defined (0.25 and − 0.25, respectively). 

(C) Hybrid co-expression (bottom left) and co-occurrence (top right) heatmap for genes affected by RNA-impactful CNVs (n = 38). Upper heatmap indicates the 

availability of protein quantification for each gene and strength of mRNA expression difference between copy-altered vs. neutral samples. Right side heatmap 

indicates the chromosome location of each gene. A cluster of co-expressed, co-amplified genes is highlighted and projected onto their location on chromosome 

7 (right side). 

(D) Boxplots show differences in normalized protein (upper) and mRNA (lower) expression levels between samples with copy-altered versus neutral copy status. 

Genes affected by RNA-impactful CNVs that had protein quantification available are shown. Boxes indicate median (central line) and 25–75% IQR (bounds of 

box), and whiskers extend from box bounds to the largest value no further than 1.5 times the IQR. Wilcoxon mean rank-sum p values are shown.
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co-amplification of SMURF1, ARPC1A, ZSCAN25, and BRI3 did 

not show significant enrichment of any specific clinical features.

We next sought to determine whether the frequency of ampli

fications in SMURF1, ARPC1A, ZSCAN25 and BRI3, and their ef

fect on mRNA levels, could be generalized to other cohorts of 

PDAC. To this end, we leveraged CNV and expression datasets 

from TCGA (n = 129; resectable PDAC), ICGC (n = 149; resect

able PDAC), COMPASS (n = 195; metastatic PDAC) and Hartwig 

(n = 46; metastatic PDAC) studies. SMURF1/ARPC1A/ 

ZSCAN25/BRI3 amplifications were present in 4.7/5.4/5.4/ 

3.9% of TCGA samples, 6.0/6.0/6.0/5.4% of ICGC samples, 

7.7/7.7/8.2/6.2% of COMPASS samples, and 15.2/15.2/15.2/ 

15.2 of Hartwig samples, respectively. SMURF1 amplification 

was associated with increased expression in TCGA (p = 

0.0017), COMPASS (p = 9.7e-6) and Hartwig (p = 0.019) samples 

(Figure S3). ARPC1A amplification was associated with 

increased expression in TCGA (p = 1.3e-4), ICGC (p = 4.2e-4), 

COMPASS (p = 3.0e-6) and Hartwig (p = 0.019) samples. 

ZSCAN25 amplification was associated with increased expres

sion in TCGA (p = 0.0013), ICGC (p = 0.0012), COMPASS 

(p = 1.6e-4) and Hartwig (p = 2.0e-4) samples. Finally, BRI3 

amplification was associated with increased expression in 

COMPASS (p = 1.6e-4) and Hartwig (p = 0.019) samples. Survival 

analysis of external datasets showed significantly lower OS for 

patients with high expression of SMURF1 (HR = 2.9; 95% CI = 

1.0–8.0; p = 0.049), ARPC1A (HR = 5.1; 95% CI = 1.5–17.3; 

p = 0.018) and BRI3 (HR = 3.3; 95% CI = 1.1–10.0; p = 0.049) 

in the Hartwig study. Meanwhile, high expression of SMURF1 

was associated with improved OS in the COMPASS study 

(HR = 0.57; 95% CI = 0.37–0.89; p = 0.048; Figure S4). To 

broaden the cross-cohort comparison of expression-based sur

vival analysis, a second analysis was performed that included all 

genes tested for survival differences in the PanGen discovery 

cohort (regardless of their prognostic significance in the 

PanGen cohort) that were assayed in the validation cohorts, 

though no individual genes in this analysis were statistically sig

nificant after multiple test correction (Figure S5).

Pan-cancer analysis of prognostic genes affected by 

RNA-impactful copy number variants

To examine the presence and strength of the RNA-impactful copy 

alterations in prognostic genes found in PDAC in other cancer 

types, we extrapolated our results using a pan-cancer analysis 

of TCGA CNV and RNA-seq datasets from 8,163 samples across 

24 cancer types. Amplification rates of SMURF1, ARPC1A, 

ZSCAN25, and BRI3 varied across TCGA cancer type groupings, 

with the highest frequencies seen in cancers located in the brain 

(genes amplified in 16.82, 16.98, 16.82, and 16.82% of samples, 

respectively; Table 1; Figure 4A). Across all cancer groupings, 

the similarity in frequency of amplification for each gene was 

reflective of the tendency for these genes to be co-amplified. 

Strength of correlation between copy status and expression of 

each gene was assessed across individual cancer types, and 

SMURF1 copy status was significantly correlated with increased 

expression in 21/24 (87.50%) of cancer types, with pancreatic 

cancer (PAAD) showing the strongest correlation (defined by 

Spearman rho; rho = 0.72, p = 1.22e-21; Figure 4B; Table S6). 

Meanwhile, copy status of ARPC1A, ZSCAN25, and BRI3 was 

positively correlated with expression in 24/24 (100.00%), 22/24 

(91.67%), and 23/24 (95.83%) of cancer types, respectively. Un

like SMURF1, copy status versus expression correlations for 

ARPC1A, ZSCAN25 and BRI3 were strongest in SKCM (rho = 

0.75, p < 2.2e-16), KIRP (rho = 0.78, 1.35e-56) and COAD (rho = 

0.54, 3.14e-21), respectively. Across individual cancer types, 

PAAD showed the highest differences in median expression 

(copy amplification versus rest) for SMURF1 (amplification fre

quency = 2.34%; expression difference = 0.66 log10 RSEM, p = 

0.0039), ARPC1A (2.34%; 0.69 log10 RSEM, p = 0.0034), 

ZSCAN25 (2.34%; 0.35 log10 RSEM, p = 0.0039) and BRI3 

(2.34%; 0.47 log10 RSEM, p = 0.0066; Figure 4C). Overall, these 

data demonstrate the occurrence of SMURF1, ARPC1A, 

ZSCAN25, and BRI3 amplifications across several disease types. 

Importantly, both correlation and magnitude of copy status versus 

expression of SMURF1 were strongest in pancreatic cancer 

versus all other cancer types.

DISCUSSION

We present a comprehensive and integrative analysis of the CNV 

landscape in metastatic PDAC. In addition to highlighting the 

Figure 3. Survival analysis identifies prognostic impact of the expression of genes affected by RNA-impactful CNVs 

(A) Forest plot shows hazard ratio (x axis), based on overall survival, of gene expression groups (≥75th percentile versus ≤25th percentile) for each gene affected 

by RNA-impactful CNVs (y axis). Dots indicate hazard ratios, with bars representing 95% confidence intervals. Side heatmap indicates the type of CNV affecting 

each gene. Asterisks indicate significance based on a log rank test. 

(B) Kaplan-Meier curves show overall survival differences between percentile expression groups for SMURF1, ARPC1A, ZSCAN25, and BRI3. Hazard ratio (HR) 

and 95% confidence intervals (CIs) based on Cox models are shown along with log rank p values (≥75th percentile versus ≤25th percentile). Dashed lines indicate 

median overall survival times. 

(C) Oncoprint shows the mutation status of SMURF1, ARPC1A, ZSCAN25, and BRI3 alongside TMB, HRD status, other mutations commonly observed in PDAC, 

fusion events, and molecular subtypes.

Table 1. SMURF1, ARPC1A, ZSCAN25, and BRI3 copy number 

amplification frequencies across TCGA cancer type groupings

Cancer group

SMURF1 

(%)

ARPC1A 

(%)

ZSCAN25 

(%)

BRI3 

(%)

Brain 16.82 16.98 16.82 16.82

Other 8.88 8.88 8.67 8.88

Gastrointestinal 8.57 8.15 7.66 8.32

Urological 6.26 6.26 6.09 6.2

Respiratory 6.1 5.99 5.89 5.58

Gynecological 5.88 5.88 5.75 5.35

Head/neck 4.13 4.13 3.96 3.88

Pancreas 2.34 2.34 2.34 2.34

Breast 2.26 2.17 2.26 1.88
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Figure 4. Extrapolation of copy number versus expression analysis to 24 cancer types 

(A) Scatterplot shows gene expression (y axis) versus copy status (segment mean; x axis) for SMURF1, ARPC1A, ZSCAN25, and BRI3 (top to bottom) in 

pancreatic cancer samples (PAAD; left) and all other cancer types (right). Cancer type acronyms are based on TCGA barcodes. Vertical dashed line indicates 

threshold segment mean to be considered as copy amplification (segment mean = 0.50). 

(legend continued on next page) 
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most frequently occurring events, our integration of matched 

RNA-seq data enabled the stratification of CNVs by their tran

scriptional impact. This strategy revealed copy amplification 

coupled with overexpression across multiple genes, which 

were further stratified by the relationship between the expression 

of affected genes and patient survival.

SMURF1, ARPC1A, ZSCAN25, and BRI3 were identified as 

genes that exhibited recurrent focal amplifications with concom

itant mRNA overexpression, with each having mRNA expression 

levels associated with poor prognosis in the PanGen cohort. 

These four genes are located on a focal region of chromosome 

7 (chr7q21/22) and were co-amplified in the majority of affected 

samples. Somatic copy amplification of chr7q21/22 has been 

previously reported in both breast and glioma cancers.16,17

While protein levels of ARPC1A were not significantly different 

between amplified versus copy-neutral samples, protein data 

were not available for SMURF1, ZSCAN25, and BRI3, leaving 

the impact of these copy alterations on protein expression an 

open question that remains outside the scope of this study. 

ARPC1A has been found to play a role in cytoskeletal formation, 

cell migration, and is associated with poor prognosis in prostate 

cancer.18 ZSCAN25, also known as ZNF498, is a member of the 

KZFP family of transcriptional regulators and has been found to 

directly inhibit p53 activity, and is associated with poor prog

nosis, in hepatocellular carcinoma.19 While less studied, BRI3 

has been linked to tumor necrosis factor (TNF)-related cell death 

in L929 cell lines.20 Despite the prognostic co-amplification of 

these four genes residing in close proximity on chr7q21/22, the 

functional driver within this genomic region remains unclear 

and is a topic for future study.

Our analysis highlighted focal SMURF1 amplifications among 

the CNVs with the highest transcriptional impact in PDAC. 

SMURF1 functions as an E3 ubiquitin ligase, tagging target sub

strates for proteosome degradation. Specifically, SMURF1 is 

involved in TGF-beta and bone morphogenic protein (BMP) path

ways through interaction with SMAD family proteins, and has been 

found to promote tumorigenesis in multiple cancer types.21 The 

oncogenic role of SMURF1 has been demonstrated in pancreatic 

cancer cell lines, where SMURF1 amplification and overexpres

sion lead to increased cell invasiveness.22 Here, we demonstrate 

that SMURF1 amplification and overexpression is among the 

most significant correlations seen, is generalizable across multiple 

independent studies and is strongest in PDAC compared to 23 

other cancer types. While SMURF1 expression was found to be 

associated with poor prognosis in the PanGen discovery cohort 

and the Hartwig external cohort (both metastatic PDAC studies), 

an opposite effect was observed in the COMPASS external cohort 

(metastatic PDAC), where high SMURF1 expression was associ

ated with improved survival outcome. In addition to stark funda

mental differences across the validation PDAC cohorts, such as 

disease stage (ICGC and TCGA primary disease; COMPASS and 

Hartwig metastatic disease) and laser capture microdissection 

(present in ICGC and COMPASS), previous studies have indicated 

differences in the molecular profiles of these cohorts, such as 

NRG1 fusion rates.12 Considering this limitation, the reliability for 

SMURF1 expression to be prognostic across metastatic PDAC 

cohorts remains an open question that may depend on factors 

such as biopsy location and sample purity. As successful 

SMURF1 targeting has been reported using proteosome inhibitors 

such as bortezomib,23 our findings provide rationale for future 

study of this gene in PDAC.

Taken together, these data compile a detailed overview of 

copy alterations and their impact on expression in PDAC. By 

integrating genome, transcriptome, proteomics and clinical 

metadata, our study highlights the co-amplification of chr7q21/ 

22 genes SMURF1, ARPC1A, ZSCAN25 and BRI3 as an impor

tant molecular event for future study that may offer an opportu

nity toward generating personalized treatment strategies 

for PDAC.

Limitations of the study

Due to the retrospective nature of this study, our results are 

observational and hypothesis-generating. By studying biopsy 

samples obtained from patients diagnosed with PDAC, our study 

is inherently limited by a small sample size. Late onset of symp

toms, rapid disease progression and urgency to initiate first line 

chemotherapy, as well as technical challenges in obtaining high 

tumor content biopsies, present challenges in profiling tumor tis

sue from patients. While the incorporation of external datasets 

helps to alleviate this issue, fundamental differences between 

datasets, such as sequencing methodology and chemother

apies used at the time the data were generated, prevent the 

data from being directly aggregated into a single large-scale 

analysis. It is well-established that many cancers, including 

PDAC, have genomic and transcriptomic profiles that are 

spatially heterogeneous across the bulk of the tumor sample. 

As our study utilizes core needle-based biopsies, only a small 

section of the tumor is sampled, and the degree to which the 

location sampled is representative of the rest of the tumor re

mains unknown.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Dr. David Schaeffer (David.Schaeffer@vch.ca).

Materials availability

This study did not generate new unique reagents.

Data and code availability

Genomic data generated within the PanGen and COMPASS studies are avail

able in the European Genome-phenome Archive (EGA) under accession 

numbers #EGAS00001001159 and #EGAS00001002543, respectively. Raw 

protein data are available in the Proteomics Identifications Database (PRIDE) 

under accession number PXD036632. Hartwig data were accessed through 

(B) Bar plot shows the strength of correlation (x axis) between gene expression versus copy number for SMURF1, ARPC1A, ZSCAN25, and BRI3 (left to right) 

across 24 cancer types (y axis). Bars are colored by Spearman correlation p value. 

(C) Bar plot indicates the magnitude difference in gene expression in copy-amplified samples compared to non-copy-amplified samples across cancer types 

(x axis) for SMURF1, ARPC1A, ZSCAN25, and BRI3 (top to bottom). Bars are colored by the Wilcoxon mean rank-sum p value. Lower heatmaps indicate the 

frequency of copy number amplification in each cancer type.
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the Hartwig Medical Foundation database (https://www.hartwigmedical 

foundation.nl). All original code has been deposited at https://github.com/ 

jtopham/publications/tree/main/fxbin_prj and is publicly available as of the 

date of publication.
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ExAC common variants (hg19) Lek et al.24 ExAC_nonTCGA.r0.3.1.sites.vep.vcf.gz

Software and algorithms

BWA-mem Li et al., 200925 v0.7.6a

sambamba Tarasov et al.26 v0.5.5

STAR Dobin et al.27 v2.7.3

PicardTools https://broadinstitute.github.io/picard/ v2.17.3

Subread Liao et al.28 v1.4.6

Strelka Kim et al., 201829 v2.9.10

Manta Chen et al., 201630 v1.5.0

SnpEff Cingolani et al.31 V4.3

Facets Shen et al.32 v0.6.0

bedtools https://bedtools.readthedocs.io/en/latest/ v2.26.0

vcf2maf https://github.com/mskcc/vcf2maf v1.6.18

Human genome build hg19 (GRCh37) https://www.ncbi.nlm.nih.gov/datasets/ 

genome/GCF_000001405.25/

NA

R https://www.r-project.org v3.6.3

Analysis code https://github.com/jtopham/publications/ 

tree/main/fxbin_prj

NA
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were enrolled in the Prospectively Defining Metastatic Pancreatic Ductal Adenocarcinoma Subtypes by Comprehensive Genomic 

Analysis (PanGen; NCT02869802) clinical trial between October 2016 and May 2022. All patients received tumor biopsy and 

sequencing prior to initiating treatment for their metastatic disease. Metastatic tumor lesions were biopsied for sequencing analysis. 

Patient samples did not receive laser-capture microdissection prior to sequencing. The PanGen trial was approved by the University 

of British Columbia Research Ethics Committee (REB# H14-00291) and was conducted in accordance with international ethical 

guidelines. Written informed consent was obtained from each patient prior to molecular profiling. All sequencing data were housed 

in a secure computing environment.

METHOD DETAILS

PanGen sample genome and transcriptome sequencing

Tumor and matched normal (blood) samples received whole genome sequencing (WGS) with target depths of 80x and 40x, respec

tively. WGS libraries had reads trimmed to 75 base pairs (bp) and were aligned (hg19; GRCh37-lite) using BWA-mem v0.7.6a25

(default parameters). WGS duplicate reads were marked using sambamba v0.5.526 (default parameters). RNA-sequencing 

(RNA-seq) was performed on tumor samples with a target depth of 200 million reads. RNA-seq reads were trimmed to 75bp and 

aligned (GRCh37-lite) using STAR v2.7.3,27 with parameters: -chimSegmentMin 20 -outSAMmultNmax 1 -outSAMstrandField intron

Motif -outFilterIntronMotifs RemoveNoncanonical. RNA-seq duplicate reads were marked using PicardTools v2.17.3. Raw reads 

counts were assigned to Ensembl 75 genes using Subread v1.4.6,28 normalized for library depth and gene size (RPKM) and subse

quently log10-transformed.

Proteomics data generation

Mass spectrometry-based proteomics sequencing of clinical (PanGen) tumor samples was performed using the SP3-CTP pipeline as 

previously described.12 Protein data were median-centre normalized using the DEqMS package in R.33

PanGen sample somatic mutation calling

Somatic SNV/indels were called using paired tumor/normal WGS libraries using a combination of Strelka v2.9.1029 and Manta 

v1.5.030 (default parameters; genome build GRCh37). Variant annotation was performed using SnpEff v4.331 with parameters: -v 

GRCh37.75 -canon -no-downstream -no-upstream -noLog -noStats -no-intergenic. CNVs and tumor ploidy were calculated using 

Facets v0.6.032 (default parameters). Copy number amplification was defined as a segment having a total copy number greater 

than or equal to twice the tumor ploidy. Copy number segments were mapped to Refseq genes using bedtools v2.26.0. Somatic 

fusion events were identified based on RNA-seq data using Arriba v1.2.034 (default parameters), with a separate STAR 

alignment (recommended fusion calling parameters: -outFilterMismatchNmax 3 -chimSegmentMin 10 -chimOutType WithinBAM 

SoftClip -chimJunctionOverhangMin 10 -chimScoreMin 1 -chimScoreDropMax 30 -chimScoreJunctionNonGTAG 0 -chimScoreSe

paration 1 -alignSJstitchMismatchNmax 5 -1 5 5 -chimSegmentReadGapMax 3). Fusion events were filtered for in-frame events re

ported at a confidence level of ‘‘high’’ by Arriba.

Tumor mutational burden

For TMB calculation, VCF files were converted to MAF format using vcf2maf v1.6.18 with default parameters. Variants were filtered to 

exclude those located outside of exons (using consensus exon regions GRCh37.p13; GCF_000001405.25, downloaded June 19, 

2020) and any common variants identified by ExAC24 (ExAC_nonTCGA.r0.3.1.sites.vep.vcf.gz). Variants were filtered based on es

tablished guidelines,35,36 including: VAF≥0.05, tumor depth≥25 and alternate allele count≥3. Only missense, nonsense and in- 

frame/frameshift variants were included for TMB calculation. TMB was calculated using the sum of all filtered variants in a sample, 

and 32.102474 Mb was used as the denominator.35

PDAC subtyping

Moffitt subtype classification was performed using the RNA-seq version of the Moffitt PurIST algorithm.6 PurIST scores (basal-like 

probability values) were used to stratify patients into basal-like (score>0.75), classical (score<0.25) and intermediate (score [0.25– 

0.75]) subtype groups.37 Collisson and Bailey subtypes were determined using a consensus clustering approach, as previously 

described.38,39 Karasinska subtypes were determined based on the relative expression of glycolytic (GAPDH, ALDOA, PKM, 

ENO1, TPI1, PGK1, GPI, PGAM1, PFKP, PFKFB3, ENO2, PPP2R5D, PFKM, PFKFB4) and cholesterogenic (FDPS, FDFT1, 

DHCR24, EBP, IDI1, MVD, HMGCS1, SQLE, NSDHL, DHCR7, HMGCR, LSS, SC5D, MVK, HSD1787) genes, as previously 

described.38

Genome-wide CNV assessment

Human genome build hg19 (GRCh37) was segmented into 144,061 non-overlapping 20 kb bins. To determine the copy status of each 

bin, for each sample, each bin was mapped to the highest-overlapping copy number segment for that sample using bedtools v2.26.0. 

Bins with coordinates overlapping a centromere were excluded from analysis. For visualization purposes only, adjacent bins with 

identical copy status in all samples were merged and referred to as ’genome segments’. To calculate RNA-seq coverage, the number 
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of overlapping RNA-seq reads centers was determined for each bin, in each sample, using bedtools v2.26.0. Read coverage was 

normalized for sequencing depth and log10-transformed. Mutation density was assessed for each bin, in each sample, by counting 

the number of overlapping somatic SNV and indels in the respective sample using bedtools v.2.26.0.

RNA-impactful bin identification

Bins with at least three samples (3/69; 4.35% of patients) with amplification (n = 23,893 bins) or at least three samples with homo

zygous deletions (n = 1,622) were chosen for analysis, and the number of RNA-seq read centers aligning to each bin was calculated 

(hereafter referred to as ‘RNA coverage’). For each bin, RNA coverage was then compared between samples with the CNV event 

versus samples with neutral copy state (difference in median levels; Wilcoxon mean rank-sum test), and p values were subjected 

to Benjamini-Hochberg (BH) multiple test correction. Bins that had significantly different (p < 0.05) RNA coverage were labeled as 

‘RNA-impactful bins’, and a threshold difference in median RNA coverage greater than 0.25 or less than − 0.25 log10 RPKM were 

used to further stratify bins. For downstream analysis of genes affected by RNA-impactful bins, only amplifications that were part 

of a focal CNV segment in all affected patients were considered. Focal events were defined as CNV segments less than or equal 

to 3 Mb in size.40 To assess overlap between bins and ChIP-seq marks indicative of enhancer regions, data from two healthy pancre

atic tissue samples from IHEC were used (https://epigenomesportal.ca/ihec/; hg19 build 2010-10; ENCODE; downloaded March 28, 

2024). Each bin was segmented into 20 non-overlapping windows of size 1 kb, and assessed for overlap with ChIP-seq peaks using 

bedtools. Enhancer types were defined for each 1 kb window, and active enhancers were windows that overlap both H3K4me1 and 

H3K27ac in the absence of H3K27me3. Poised enhancers were defined as overlapping H3K4me1 and H3K27me3 in the absence of 

H3K27ac, and primed enhancers as overlapping H3K4me1 only.

Gene set enrichment analysis

Genes overlapped by RNA-impactful bins were assessed for pathway enrichment using multiple hypergeometric tests, as previously 

described,12 and included 32,284 gene sets accessed through the Molecular Signatures Database (mSigDB41).

Survival analysis

For genes affected by filtered RNA-impactful bins, high and low expression groups were defined as samples with higher than 75th 

percentile expression or lower than 25th percentile expression, respectively. Genes for which the Cox proportional hazards assump

tion was not met were excluded from survival analysis. HR and 95% CI values were calculated using Cox proportional hazard models, 

and log rank p values were generated and subjected to BH multiple test correction.

Validation PDAC datasets

Metastatic PDAC samples in the COMPASS validation cohort (n = 195) were derived from patients enrolled and sequenced as part 

of the Comprehensive Molecular Characterization of Advanced PDAC For Better Treatment Selection (COMPASS; NCT02750657) 

trial. COMPASS patient samples had RNA-seq (n = 195) and WGS (n = 195) data generated and processed as described previ

ously.8 Overall survival data was available for all patients (n = 195). Metastatic PDAC samples in the Hartwig dataset were ac

cessed through the Hartwig Medical Foundation database. Hartwig WGS data (n = 113) were accessed in the form of Purple 

and Linx tool outputs. Hartwig RNA-seq data (n = 46) were processed using the same pipeline as PanGen samples. For each 

PDAC validation dataset, normalized gene expression values (FPKM for COMPASS, RPKM for Hartwig) were log10-transformed 

prior to analysis. All somatic mutation data were based on human genome build GRCh37 (hg19). Overall survival data were avail

able for 84 patients in the Hartwig database. Mutation (SNV, indel, CNV) and RNA-seq data for resectable PDAC samples from the 

TCGA (n = 94) and ICGC (n = 92) database were downloaded and samples were filtered as described previously.38 TCGA and 

ICGC RNA-seq data were available as TPM and FPKM, respectively. For validation analyses using the external datasets, allele- 

specific CNV data were used, and copy number amplifications at given loci were defined as a total copy status greater than twice 

the tumor ploidy.

Pan-cancer analysis

For all available tumor types, RNA-seq (RSEM) data was downloaded from the GDC TCGA data portal as previously described38

and filtered for tumor samples based on TCGA barcodes. Samples with both RNA-seq and CNV (microarray, measured as the 

continuous variable ‘segment mean’) data belonging to tumor types with at least 100 samples were included for analysis 

(n = 8,163 samples from 24 cancer types). For visualization purposes only, the following TCGA cancer type codes were merged 

into more generalized groups: gastrointestinal (‘‘COAD’’, ‘‘READ’’ ‘‘ESCA’’, ‘‘STAD’’, ‘‘LIHC’’), urological (‘‘BLCA’’, ‘‘KIRC’’, ‘‘KIRP’’, 

‘‘PRAD’’, ‘‘TGCT’’), gynecological (‘‘CESC’’, ‘‘OV’’, ‘‘UCEC’’), head/neck (‘‘HNSC’’, ‘‘PCPG’’, ‘‘THCA’’), respiratory (‘‘LUAD’’, 

‘‘LUSC’’) and brain (‘‘GBM’’, ‘‘LGG’’). Copy number segments with at least 10 supporting probes and a segment mean greater 

than 0.50 were defined as amplifications.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Fisher’s exact tests were used to compare the distribution of discrete variables between two groups. Wilcoxon mean rank-sum tests 

were used for two-group comparison of continuous variables. Spearman correlations were performed to assess correlation between 

two continuous variables. HR and 95% CIs were calculated using Cox proportional hazards models. Log rank tests were used to 

calculate p values in OS analysis. All comparison tests were two-tailed. All p values were subjected to BH multiple test correction 

when applicable. All analyses were performed using R v3.6.3.
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