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The vast majority of patients with pancreatic cancer present with unresectable disease and precision 
medicine is lagging behind. Circulating tumor DNA (ctDNA) has emerged as a promising tool, both 
as a proxy for tumor burden and for capturing tumor heterogeneity, but optimal gene panels and 
prognostic cutoffs remain to be determined. Herein, we applied ultra-deep ctDNA sequencing using 
a customized panel targeting 23 genes and six frequently altered chromosomes on plasma samples 
obtained before, during and after chemotherapy from 60 patients enrolled in a prospective clinical 
study. At baseline, positive versus negative ctDNA was not prognostic, neither in the adjuvant nor in 
the palliative setting, but in palliative patients, an independent prognostic cutoff could be calculated 
from the absolute number of mutated DNA molecules. Median overall survival was 3.7 months in 
the ctDNAhigh compared to 11.9 months in the ctDNAlow group (p < 0.0001), and the cutoff remained 
prognostic at one and three months. Moreover, relevant genetic alterations were highly concordant 
in ctDNA and paired tumor tissue. These findings demonstrate the potential clinical utility of a 
customized and focused gene panel for prognostication and target identification over time in patients 
with newly diagnosed pancreatic cancer, in particular in the palliative setting.

ClinicalTrials.gov number: NCT03724994.
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The advancements in personalized medicine in the past decade have had a considerable positive effect on the 
outcome of patients with cancer, in particular treatments boosting the patient’s own immune response or targeting 
products of specific gene mutations. These therapies have, however, not yet demonstrated sufficient efficacy to 
earn a place in the treatment of pancreatic ductal adenocarcinoma (PDAC). Thus, systemic treatment options 
for patients with PDAC still rely on different types of chemotherapy, with only a modest effect on overall survival 
(OS)1. However, recent research suggests that up to 25% of PDAC cases harbor potentially actionable targets and 
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that patients receiving molecularly matched therapy have an improved OS2,3. Despite these promising findings, 
molecular testing of PDAC remains a clinical rarity. Limited access to tumor tissue, especially in patients with 
advanced disease, and the underestimation of spatial tumor heterogeneity, might partly account for the difficulty 
in taking further steps towards personalized treatment.

The restricted tissue availability has spurred the exploration of liquid biopsies and their clinical utility in 
PDAC, in particular as recent research has proposed their superiority to tumor tissue analyses in capturing 
tumor heterogeneity and therapy resistance4. Circulating tumor DNA (ctDNA), i.e. the cancer-derived plasma 
proportion of cell free DNA (cfDNA), has emerged as a particularly promising clinical tool5–8. Sensitive detection 
methods, such as digital droplet PCR (ddPCR) and next generation sequencing (NGS), have enabled analyses 
of ctDNA, often with a primary focus on the KRAS gene7–10, as this is mutated in about 90% of PDAC11,12. 
Longitudinal examination of KRAS mutated ctDNA, as a proxy for tumor burden and chemotherapy resistance, 
has been compared to the clinically established serum marker carbohydrate antigen 19 − 9 (CA19-9) and imaging 
data, with promising results10,13–15. In addition, previous studies on tumor dynamics of PDAC encourage the use 
of ctDNA for precision medicine16–18. Several studies have also demonstrated a negative association between 
ctDNA levels in plasma before treatment initiation and prognosis6,7,10,15, although without any clear consensus 
regarding a clinically meaningful cutoff. Thus, the clinical value of ctDNA quantity and monitoring merits 
further study, particularly for patients with palliative disease where ctDNA has been detected in the majority of 
patients7,10,15.

This study aimed to develop a targeted sequencing approach with a gene panel that is customized for use 
in clinical routine, incorporating genes with actionable targets. This panel was applied in a real-world setting 
with longitudinal plasma samples from 60 patients with PDAC or other pancreatobiliary-type periampullary 
adenocarcinoma enrolled in a prospective, observational clinical study19. The goal was to identify clinically 
relevant dynamics in the quantity and characteristics of ctDNA during systemic chemotherapy, and to assess the 
concordance with genomic tissue profiling.

Methods
Study cohort
The cohort in the present study includes all patients enrolled in the prospective, observational single-arm 
study CHAMP (clinicaltrials.gov; NCT03724994) up until the 31st of December 2020 (n = 60)19,20. The study 
invited patients with a confirmed diagnosis of pancreatic or other periampullary adenocarcinoma receiving 
neoadjuvant, adjuvant or first-line palliative chemotherapy treatment at the Department of Oncology, Skåne 
University Hospital. Clinical and radiological follow-up was performed according to standard clinical protocols. 
All biopsies and resected tumors were re-evaluated by a senior board-certified pathologist (KJ). Clinical data, 
including routine laboratory parameters, were collected from patient records, as previously described20. Follow-
up time ended either at date of death or last follow-up on December 31st, 2024. In September 2021, a sub-study 
with research autopsies was initiated, to which patients are invited to participate when they are in a late palliative 
phase. All autopsies are performed by a senior pathologist (KJ). Only one patient in the present study (n = 60) 
has been autopsied.

Ethics declaration
Ethical approval for the CHAMP study has been obtained by the Regional Ethical Review Board (dnr LU 
2018/13) and the Swedish Ethical Review Authority (amendments 2021 − 00166 and 2021–06065). Before entry, 
the patients receive information about the study from their oncologist or research nurse and provide a written 
informed consent if they want to participate. The patients are informed about the autopsy study when they are 
in a late palliative phase and provide a separate written informed consent for this part of the study. Of note, 
no change in treatment regimen is performed due to study participation, and the study protocol follows the 
agreements of the Declaration of Helsinki.

Blood sampling
Serial blood samples were obtained before the start of each chemotherapy cycle and after the end of treatment. 
At each time point, whole blood was collected in four EDTA tubes (up to 24 ml) for subsequent plasma and 
buffy coat isolation, following 30  min incubation at room temperature (RT). After each incubation, blood 
components were fractionated by centrifugation at 2 000 g for 10 min. Isolated buffy coat (150 µl) was added to 
a cell freezing solution (10% DMSO in fetal bovine serum, ratio 1:10) before storage in -80 °C. Plasma samples 
were centrifuged a second time at 14 000 g for 10 min, either before or after storage in -80 °C, to minimize 
genomic DNA contamination (Supplementary Table S1).

Tumor tissue sampling and DNA extraction
Following standard deparaffinization, tissue derived DNA from resected specimens (15 patients, 90 samples), 
excision biopsies (2 patients, 5 samples), postmortem collected tumor tissue (1 patient, 10 samples) and diagnostic 
core needle biopsies of sufficient size (23 patients, 37 samples), was extracted using the Allprep DNA/RNA FFPE 
kit (Qiagen, Hilden, Germany) and QIAcube instrument (Qiagen) according to the manufacturer’s instructions, 
eluted in 25 µl buffer EB (Qiagen). DNA concentrations were determined using the Qubit fluorometer with the 
Trade markTM 1X dsDNA broad range assay kit (Invitrogen, Carlsbad, CA, US) and stored at -20 °C until further 
analyses (Supplementary Table S2).

Extraction of genomic DNA for germline controls
Extraction of genomic normal DNA was performed from buffy coat samples for all patients (n = 60). The 
frozen buffy coat was thawed, diluted with PBS and centrifuged at 1200 g for 5 min followed by removal of the 
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supernatant. The cell pellet was resuspended in 200 µl PBS before automated DNA extraction using the DNeasy 
blood and tissue kit (Qiagen) according to the manufacturer’s instructions (Spin-column protocol) with the 
QIAcube instrument. The extracted genomic DNA was eluted in 25 µl buffer EB, followed by quantification 
using the Qubit™ 1X dsDNA high sensitivity (HS) assay kit and storage at − 20 °C.

Cell-free DNA isolation from plasma
For the majority (195/201) of the plasma samples, cfDNA was extracted in-house by utilization of the QIAVac 24 
vacuum manifold (Qiagen) and the QIAamp Circulating Nucleic Acid kit (Qiagen), with 40 µl elution volume 
(EB buffer) according to standard protocols, without addition of carrier-RNA. cfDNA concentrations were 
determined using the Qubit™ 1X dsDNA HS assay kit, and to ensure minimal contamination of genomic DNA, 
the Cell-free DNA ScreenTape analysis (Agilent, Santa Clara, CA, US) was carried out with the Agilent 4200 
TapesStation system (Agilent) at the Center for Translational Genomics, Lund University and Clinical Genomics 
Lund, SciLifelab.

Genomic DNA library preparation and sequencing
For tumor tissue samples (n = 94) and buffy coat samples (n = 60), library preparation was performed on 100 
ng genomic DNA using the KAPA HyperPlus kit (Roche Sequencing, Basel, Switzerland) according to the 
manufacturer’s instructions, at the Center for Translational Genomics, Lund University and Clinical Genomics 
Lund, SciLifelab. Fragmentation time was adjusted depending on the input sample type (tissue or buffy coat 
derived DNA) to achieve an average fragment length of sequencing libraries of 400  bp. xGen CS Adapters 
(Integrated DNA Technologies, IDT, Coralville, IA, US) in combination with xGen UDI Primer Pairs (IDT) were 
used for indexing. Generated libraries were enriched by hybridization capture using a customized pan-cancer 
biotinylated probe panel (GMCK panel, 2.4  Mb, details in Supplementary Table S3; TWIST Bioscience, San 
Francisco, CA, US), including coding regions of 197 genes, 132 gene hotspots and 2814 genome wide distributed 
single nucleotide polymorphisms (SNPs). Target enrichment was performed on 8-plex pooled libraries according 
to the manufacturer’s recommendations for probe panel size. Libraries were sequenced on the Novaseq 6000 
platform (Illumina, San Diego, CA, US) with 2 × 150 bp paired end reads. The aim was a sequencing depth of 
80 M paired-end reads per tissue sample and 25 M paired-end reads per buffy coat sample (see Supplementary 
Tables S2 and S4).

Sequencing raw data analysis of tumor tissue and matched blood normal
Raw data analysis of tumor and matched normal blood samples were performed using the in-house Autoseq 
bioinformatic pipeline, integrating both commonly used and several in-house developed bioinformatic tools. 
FASTQ files were trimmed using Skewer21 to eliminate adapters, followed by extraction and annotation of UMIs 
back to the raw reads in an unmapped BAM format by using FastqToBam from fgbio ​(​​​h​t​t​p​:​/​/​f​u​l​c​r​u​m​g​e​n​o​m​i​c​s​.​g​i​
t​h​u​b​.​i​o​/​f​g​b​i​o​/​​​​​)​. The unmapped BAM files were then converted back to FASTQ format, using the SamToFastq tool 
in Picard22, followed by alignment using BWA MEM23. UMI tags were then retrieved from the unmapped BAM 
to annotate the mapped BAM using the MergeBamAlignment in Picard and followed by realignment of reads 
around indels using GATK3’s RealignerTargetCreator and IndelRealigner324. The final raw BAM file was further 
processed in two parallel pipelines for subsequent variant calling, one with deduplication by position using 
MarkDuplicates in Picard, and one where UMI based consensus reads were produced using GroupReadsByUmi 
followed by CallDuplexConsensusReads from fgbio. Realignment of the consensus reads was then performed 
once more, similarly to the raw read alignment, before refinement by using FilterConsensusReads and ClipBam 
from fgbio.

Somatic variant calling in tumor tissue
Somatic variant calling of single nucleotide variants (SNVs) and insertions and deletions (InDels) in the tumor 
samples were performed using GATK Mutect225,26, Strelka27, Vardict28 and VarScan229 on the final consensus 
BAM file, followed by merging of the variants using SomaticSeq30 and annotation using the Ensembl Variant 
Effect Predictor (VEP), only including canonical transcripts31. Only variants called by two or more somatic 
callers, annotated with a high or moderate impact and a variant allele frequency (VAF) above 3% were used 
in downstream analyses. Manual curation of all variants were also performed using the Integrative Genomics 
Viewer (IGV, version 2.15.2)32 to ensure variant support in both sequencing directions and sufficient mapping 
quality. However, exceptions were made for variants detected in ctDNA or a different tumor sample from the 
same patient to avoid the introduction of false heterogeneity.

Germline variant calling
For germline SNVs and InDels in normal buffy coat samples, the HaplotypeCaller from GATK25,33 and Strelka27 
were utilized, followed by merging using CombineVariants from GATK and VEP annotation. Only variants 
called by HaplotypeCaller, with a high or moderate impact, a VAF above 25% and a gnomAD VAF34 of less than 
3% were included in downstream analyses. In addition, only variants classified as either pathogenic or likely 
pathogenic, without conflicts and with a neoplastic association in ClinVar35, were reported.

Copy number alterations
For calling copy number alterations (CNAs) in tumor tissue, we utilized information from both broad targeted 
NGS and the genome-wide SNP array Oncoscan Assay (Affymetrix, Santa Clara, CA, US). For the NGS data, 
CNVkit36, utilizing the position-deduplicated BAM files, was used. The Oncoscan CNV assay was utilized for a 
total of 128 tissue samples, at either the Array and Analysis Facility, Department of Medical Sciences, Uppsala 
University, or Eurofins Genomics Europe Genotyping A/S, Galten, Denmark, according to standard practice. 
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The raw data analysis was performed as previously described37, using reference genome build hg19, and the 
final OSCHP-files were examined using the Nexus Copy Number 10.0 (BioDiscovery, El Segundo, CA, US) 
together with the Tumor Aberration Prediction Suite (TAPS)38, enabling visualization of the allelic composition 
and CNA heterogeneity. Calculations of the mutated sample fraction of each CNA was performed as previously 
described37.

Customized ctDNA design – the CHAMP panel
A customized smaller sequencing panel, the CHAMP-panel, utilizing duplex UMIs for improved error correction, 
was developed for the present study to enable an ultra-sensitive and cost-effective on-treatment evaluation of 
ctDNA fluctuations and mutations. The CHAMP-panel was constructed as two separate probe panels, panel 
A (106 kb) and panel B (140 kb), with 1x tiling to provide > 99% coverage of the genomic regions, except 
for hotspot regions of the KRAS gene, which were designed with 2x tiling (TWIST Bioscience, panel design 
in Supplementary Tables S5-S7). In panel A, coding regions of 22 genes of particular interest were included, 
together with hotspot regions in KRAS (including codons G12, G13 and Q61). The genes were chosen based on 
variants detected in previous studies, including both recurrent variants detected in PDACs of different disease 
stages39 and ctDNA variants reported in samples from patients with locally advanced or metastatic disease40, 
together with genes known to recurrently harbor clinically actionable mutations. Panel B on the other hand was 
designed to enable detection of CNAs, such as deletions and amplifications, on frequently affected chromosomes, 
as several studies, including a previous study from our group, have reported high occurrence of chromosomal 
imbalances in PDAC11,37,41. Thus, panel B comprises a SNP backbone with probes for a total of 1130 SNPs, 
distributed on chromosome 3, 7, 8, 9, 17 and 18, together with 60 probes up and downstream of the CDKN2A 
gene to enable a more sensitive detection of the frequently seen homozygous deletion in this genomic region.

Cell-free DNA library preparation and sequencing
For most (196/201) cfDNA samples, cfDNA was converted into sequencing libraries using the KAPA HyperPrep 
kit (Roche Sequencing) without prior fragmentation. The cfDNA input to the end repair/A-tailing reaction 
varied between 14,5 and 77,5 ng (median of 45 ng, see Supplementary Table S1). Ligation was performed 
overnight at 4 °C using xGen CS Adapters containing UMIs (2 × 3 bp, IDT) with an adapter:insert molar ratio 
of 200:1 as per the manufacturer’s recommendations. Indexing PCR was performed for 5 cycles with xGen 
UDI Primer Pairs (IDT). Generated libraries were enriched by normalization capture using a combination of 
the two custom biotinylated probe panels, A and B. Probe pool B was diluted 10-fold prior to pooling with 
probe pool A to optimize the coverage of the targeted coding regions. Target enrichment was performed on 
8-plex pooled libraries according to the manufacturer’s recommendations for the probe panel size. Libraries 
were sequenced on the Novaseq 6000 platform (Illumina) with 150 bp paired-end reads, aiming at a sequencing 
depth of 40 M paired-end reads per sample. In addition, to enable distinction of blood variants associated with 
clonal hematopoiesis, generated libraries from the buffy coat derived genomic DNA were also enriched using the 
CHAMP probe panel and sequenced again in the same manner as the cfDNA samples.

Ultra-deep sequencing raw data analysis
For ultra-deep sequencing raw data analysis of the cfDNA samples and germline controls, UMI tags were 
extracted from raw reads by converting FASTQ files to unmapped BAM files, with the read structure definition 
“3M2S + T 3M2S + T”, using fgbio’s FastqToBam (v. 2.1.0). These reads were then aligned to the GRCh37 
reference genome (human_g1k_v37_decoy) using BWA MEM (v. 0.7.17)23. Sequences originating from the 
same molecule were grouped with fgbio’s GroupReadsByUmi, using the paired strategy, and consensus reads 
were generated using fgbio’s CallDuplexConsensusReads, excluding bases in the individual reads with a quality 
phred score below 30. The consensus reads were then again aligned to the same reference genome and filtered 
using fgbio’s FilterConsensusReads using the following cutoffs: min-reads = 2 1 1 (requiring every consensus 
read to be represented by at least one read from each strand), max-base-error-rate = 0.1 0.2, min-base-quality 
= 30 and require-single-strand-agreement = true. Finally, to avoid counting potential mutations in the overlap 
twice during variant calling the consensus reads were clipped using fgbio’s ClipBam to remove overlapping parts 
between read pairs.

In total, for the 196 cfDNA samples that were sequenced using the CHAMP-panel, the mean raw number of 
read pairs was 52.3 million (range 22.0-86.7) and the mean filtered UMI-collapsed target coverage was 1383 x 
(range 486–2331 x), with a median of 83% of target regions being covered by a minimum of 1000 UMI-collapsed 
reads (Supplementary Table S8). For deep sequencing of the normal leukocyte derived samples (n = 60), the 
mean raw number of read pairs was 57.4 million (range 39.7–93.1), mean filtered UMI-collapsed target coverage 
was 1586 x (range 1034–2416 x), and a median of 95% of target regions were covered by a minimum of 1000 
UMI-collapsed reads (Supplementary Table S9).

ctDNA variant calling
Variant calling of SNVs and InDels in cfDNA was performed over the panel design (panel A of the CHAMP 
probe panel), with 20 additional bps flanking each target region, using freebayes2 (v 1.3.7)42 and vardict-java 
(v 1.8.3)28, both with cutoffs of at least 3 supporting reads and a variant frequency above 0.1%. Variants were 
decomposed and normalized using bcftools norm (v 1.15)43 and variants from the two different callers were 
merged using bcftools merge. Subsequently, these were annotated using Ensembl VEP (v 104) prior to manual 
curation using IGV (version 2.15.2)32 to confirm appropriate direction evidence and adequate read alignment 
characteristics. Only variants supported by a minimum of five consensus reads, with no evidence of detection 
in the matched normal sample and annotated as canonical by VEP, were included in downstream analyses. 
Exceptions were made for variants detected in matched tumor tissue, in another plasma sample within a 
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patient or for hotspot codons of KRAS, where VAFs below the limit of detection (LOD) were accepted to avoid 
introduction of type II errors. One mutated TP53 allele was, however, detected in the normal sample of patient 
M25 (VAF 0.08%), but the variant was retained in downstream analyses as it was detected with a VAF of above 
7% in the baseline (BL) plasma sample and in high frequencies in the matched tumor tissue.

Copy number analysis of cfDNA
Calling of CNAs in cfDNA was performed using the bioinformatics tool Jumble44 for all targeted regions covered 
in both panel A and B. Thus, for this analysis, BAM files including all consensus reads, including off-target, 
were used as input. Based on the results from the variant calling of SNVs and InDels, 45 samples with negative 
mutation status (i.e. classified as ctDNA negative samples), and no evidence of CNAs, were used for construction 
of the reference file (Supplementary Table S10).

Calculations of ctDNA fraction and absolute tumor burden
To estimate the fraction of cfDNA shredded from tumor cells ( ctDNAfrac), we utilized the maximum non-
amplified variant allele frequency (MAF). In addition, to compensate for any CNAs affecting the mutation allele 
frequency, e.g. loss of heterozygosity, the allelic composition of the variant locus was extracted from the visual 
overview produced by Jumble and included in the following formula:

	
ctDNAfrac = 2

M
MAF

−CN+2 � (1)

where CN  is the total number of alleles and M  is the number of mutated alleles. The calculated ctDNAfrac 
was derived from the equation below (2) as earlier described37, where MSF  is the mutated sample fraction, 
assuming clonal mutation and no CNA heterogeneity. Hence, in Eq. (1), MSF = ctDNAfrac. Moreover, 
whenever no copy number data was available, due to insufficient ctDNA fraction, the copy number background 
was assumed disomic ( CN = 2) with one mutated allele ( M = 1).

	 MSF = V AF • (CN∗ctDNAfrac+2∗(1−ctDNAfrac))
M

� (2)

To account for varying levels of cfDNA in the blood from non-tumor cells, and their effect on the tumor burden 
assessment, we further normalized the ctDNA fraction against the total concentration of cfDNA (ng/ml plasma), 
and estimated the absolute number of tumor-derived DNA molecules, mutated genome equivalents (mGEs), 
as described45. This was calculated as the number of mGEs from the tumor per ml plasma, assuming 6 pg per 
diploid genome, as follows:

	 Number of mGEs/ml plasma = ctDNAfrac × cfDNA conc × 1000
6 � (3)

For calculations of ctDNA levels, five cfDNA samples with negative ctDNA status were excluded due to a different 
analytical sequencing sensitivity, four were excluded due to usage of a broader sequencing panel in the pilot 
experiment (M05_2, M09_1_B, M09_3 and M14_2, see Methods), and one was excluded due to a decreased 
mean collapsed coverage (M11_2). A detailed description of all plasma samples is provided in Supplementary 
Table S1.

Pilot experiment
A number of FFPE tissue (n = 25) and plasma (n = 16) samples, originating from the first 10 patients in the 
CHAMP-study with both longitudinal plasma samples and matching tumor tissue available, were part of an 
initial pilot experiment. These samples were analyzed at Eurofins Genomics (Konstanz, Germany), using their 
commercially available targeted sequencing solutions, see Supplementary Table S1. Eleven out of the 16 plasma 
samples were however re-sequenced using the customized CHAMP panel. For the tissue samples, 200 ng of 
genomic DNA was used for library preparation and enrichment with Agilent SureSelectXT Human All Exon 
V6 kit (Agilent), followed by paired-end (2 × 150 bp) targeted sequencing using the INVIEW Oncoprofiling 
panel (591 genes, sensitivity 1%) on the NovaSeq 6000 platform (Illumina). For the plasma samples, the second 
centrifugation, performed at 3250 g for 20 min after storage in -80 °C, cfDNA isolation and sequencing was done 
by Eurofins. cfDNA extraction was performed using the QIAamp Circulating Nucleic Acid kit, eluted in 34 µl 
buffer AVE (Qiagen), followed by concentration measurements and fragment size quality assessment. Thereafter, 
library preparation was performed on 100 ng cfDNA with Agilent SureSelect hybridization technology, followed 
by paired-end (2 × 150  bp) targeted sequencing using the INVIEW Liquid Biopsy Oncoprofiling panel (591 
genes) on the NovaSeq 6000 instrument, aiming at a sequencing depth of 25 M read pairs per sample (sensitivity 
1%).

To make the results comparable to the larger batch tissue and plasma samples, the subsequent bioinformatic 
analysis was performed in-house. Raw reads were trimmed for low quality and adaptor sequences using fastp 
(v 0.23.4)46 followed by alignment to the GRCh37 reference genome using BWA MEM. Variant calling was 
performed in regions covered in GMCK panel using freebayes and vardict-java, both with a variant frequency 
cutoff above or equal to 3%. Additionally, for variants called by freebayes only those with a ratio of mean 
quality between reference and alternate bases above or equal to 0.6 were kept. Variants were then decomposed, 
normalized, merged and annotated with VEP as described above. Further filtering was performed to only retain 
variants with a minimum depth of 300x and a variant frequency ratio between tumor and normal samples of 
above or equal to 2. Of note, for tumor tissue samples originating from patient M14, M16 and M18, adjacent 
normal tissue was used as germline control. For downstream analyses, only variants with allele frequencies 
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of 10% or higher, or 4% or higher for gene regions included in the smaller CHAMP panel, and called by both 
callers, were kept. However, for tumor samples originating from patient M18, no mutations were detected with 
frequencies above 10% and, hence, only hotspot variants in KRAS were reported.

Statistics
Statistical analyses were performed using R version 4.2.2. (Vienna, Austria). Fisher’s exact test was performed to 
investigate associations between proportions of categorical variables. Wilcoxon signed rank-test was performed 
to compare the medians of a continuous variable in two groups. Kaplan-Meier survival analysis was performed 
to assess associations between two groups and OS, using log rank test to calculate p-values. Cox univariable 
and multivariable regression was applied to calculate hazard ratios (HR) with 95% confidence intervals (CI) 
for death. To find the optimal prognostic cutoff value for ctDNA levels in the palliative patients, the function 
surv_cutpoint from the R package survminer was used, which implements maximally selected rank statistics 
from the R package Maxstat. The significance level was set to 0.05 for all statistical tests.

Results
Sample overview, patient demography and ctDNA status
A summary of the number of blood and tissue samples analyzed for each patient, overall KRAS mutation status, 
treatment regimen, germline variant information, and other clinical data are shown in Fig.  1A. Additional 
information on adjuvant patients is available in Supplementary Table S11. Fifteen patients (25%) had resectable 
tumors and received adjuvant chemotherapy, and 45 patients (75%) were treated with palliative intent. Of 
the resected tumors, 13 originated in the pancreas, one in the Ampulla of Vater (M16), with pancreatobiliary 
morphology, and one in the distal bile duct (M29), with pancreatobiliary morphology. All palliative patients 
had tumors deemed to originate in the pancreas. The vast majority, 96% (53/55) of the patients with assessable 
KRAS mutation status, had KRAS mutated tumors and two patients had KRAS wild-type tumors. In five patients, 
KRAS mutation status could not be assessed due to low ctDNA/tumor fractions. Following broad targeted NGS, 
pathogenic germline variants were detected in nine patients, three of whom had BRCA2 mutations and two had 
mutations in mismatch repair genes MLH1 and MSH2, further detailed in Supplementary Table S12.

In a total of 201 serial plasma samples (range 1–5, median = 3 per patient), ctDNA fluctuations were analyzed 
using the CHAMP panel (196/201) or targeted broad sequencing (5/201). Genetic data from matched tumor 
tissue was also included for 34 patients, with a median of one sample per patient (range 1–9) and 115 samples in 
total, after exclusion of 26 samples due to insufficient tumor cell content and one sample which failed sequencing 
(Supplementary Table S2 and S13).

Time points for blood sampling and disease trajectories, including radiologic workup and date of surgery, are 
shown in Fig. 1B. In adjuvant patients (n = 15), median OS was 44.4 months (range 11.3–61.4 months), and a total 
of 54 plasma samples were analyzed (median 4 samples, range 2–5, per patient). In palliative patients (n = 45), 
median OS was 7.6 months (range 1.1–36.3 months), excluding patient M12 who had Lynch syndrome, received 
immunotherapy in later lines and is still alive after more than five years, and a total of 147 plasma samples were 
examined (median 3 samples, range 1–5, per patient). In two patients, L15 and L20, blood sampling was only 
performed during neoadjuvant treatment.

As shown in Supplementary Figure S1, BL levels of routine clinical biomarkers CA19-9, carcinoembryonic 
antigen (CEA), c-reactive protein (CRP), but not albumin, were significantly higher in palliative than in adjuvant 
patients.

Distribution and clinicopathological correlates of ctDNA levels and identification of a robust 
prognostic cutoff in palliative patients
The total number of ctDNA positive samples during treatment, the number of patients with ctDNA positive 
samples at BL, and the ctDNA fraction at BL in adjuvant and palliative patients, respectively, are shown in 
Fig. 2A.

In line with the expected, the total number of ctDNA positive samples during treatment differed significantly 
between adjuvant (10/53, 19%) and palliative (90/143, 63%) patients. In adjuvant patients, the median ctDNA 
fraction at BL was 0% (range 0-2.43%), with three patients (20%) having a positive ctDNA sample before starting 
treatment. In palliative patients, the median ctDNA fraction at BL was 3.2% (range 0-42.1%), with 74% (32/43) 
having detectable ctDNA in their blood before starting treatment.

As shown in Fig. 2B, positive vs. negative ctDNA status at BL was not significantly associated with OS in 
either patient group. However, as the ctDNA fraction is influenced by fluctuations in the total amount of cfDNA, 
we instead calculated the absolute number of mGEs per ml plasma as a proxy for tumor burden45,47,48. As a proof 
of concept, the varying levels of ctDNA fraction, total cfDNA concentration and number of mGEs, respectively, 
are shown in Supplementary Figure S2.

Moving forward with the mGE measurements in palliative patients, we assessed their potential prognostic 
value by performing univariable Cox regression analysis in continuous units of 1000 mGE/ml plasma, at BL. 
This measurement was prognostic both in univariable analysis (HR = 1.2, 95% CI = 1.1–1.3, p < 0.0001) and in 
multivariable analysis, adjusted for age, performance status, disease stage (M0/M1), and regimen (HR = 1.2, 95% 
CI = 1.1–1.3, p < 0.001). Next, an optimal prognostic cutoff value was identified at 350 mGE/ml plasma, whereby 
patients with plasma levels below and above this threshold, respectively, at BL were classified as ctDNAlow 
(n = 28) or ctDNAhigh (n = 15), excluding patient L17 (no BL sample) and patient M12 (Lynch syndrome). Patient 
M09 had a negative ctDNA at BL using the broader and less sensitive panel and was therefore not included in 
the calculation of the optimal prognostic mGE value, but was later assigned to the ctDNAlow group. As shown in 
the Kaplan-Meier curves in Fig. 2C, patients in the ctDNAhigh group had a significantly reduced OS compared 
to patients in the ctDNAlow group not only at BL (median 3.7 versus 11.9 months), but also at 1M (5.16 versus 
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Fig. 1.  Demographic and clinical characteristics and sample overview for each patient. (A) Adjuvant vs. 
palliative treatment, chemotherapy regimen, distant metastasis (M0, liver, peritoneum or multiple sites), sex, 
age category and performance status according to the Eastern Cooperative Oncology Group (ECOG) scale, per 
patient. Red bars indicate the total number of analyzed plasma samples per patient followed by KRAS mutation 
status; mutated vs. wild-type or not detected, type of mutation, overall ctDNA status regardless of time point, 
germline mutation (if detected), yellow bars indicate the total number of analyzed tissue samples per patient 
followed by type of diagnostic specimen: surgical resection, biopsy, cytology, or biopsy not sufficient (NS) 
for analysis. (B) Overview of timepoints for ctDNA samples, CT scans and surgery for adjuvant (blue lines) 
and palliative (red lines) treated patients. Green depicts negative for ctDNA, no evidence of disease (NED) 
or radiologic regression, red depicts positive for ctDNA, recurrence or radiologic progression. Cross marks 
timepoint for death and circle means that the patient was alive at last follow-up.
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12.3 months) and 3M (6.01 versus 12.2 months). Notably, in the ctDNAlow group, about one out of three patients 
(n = 11) had a ctDNA negative sample at BL.

Next, we compared the distribution of relevant patient and tumor characteristics between the ctDNAlow and 
ctDNAhigh groups. As shown in Fig. 2D, there were no significant differences regarding sex, treatment regimen, 
or performance status. However, in line with the expected, patients in the ctDNAhigh group had a significantly 
higher concentration of cfDNA in their blood at BL compared to the ctDNAlow group (77.9 versus 12.0 ng/
ml). As further shown in Fig. 2E, all patients in the ctDNAhigh group had metastatic disease at diagnosis, with 
dissemination either to the liver only (n = 7), or to multiple sites including the liver (n = 8). In contrast, 55% 
(n = 16) of the patients in the ctDNAlow group had metastatic disease at diagnosis, eight with liver metastases 
only, three with peritoneal metastases only, and five with metastases at multiple sites. Only a few patients in each 
group had lung metastases, with no significant difference, and only in combination with metastases at other sites. 
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Lastly, as shown in Fig. 2F, levels of routine biomarkers, CA19-9, CEA and CRP were significantly higher in the 
ctDNAhigh group at BL, although with a relatively high variability for CEA within the groups, whereas albumin 
levels were significantly lower in the ctDNAhigh group at BL. Differences in age at diagnosis were also observed, 
with a median of 61.8 years in the ctDNAhigh group compared to 70.3 years in the ctDNAlow group.

The prognostic value of the binary ctDNA stratification at BL in the palliative patient group was further 
confirmed in univariable Cox regression analysis (Fig. 3A). Among established clinical parameters, performance 
status, CRP and albumin levels were also prognostic in univariable analysis. After adjustment for these 

Fig. 2.  Clinicopathological correlates and prognostic impact of ctDNA levels. (A) Total number of ctDNA 
positive and negative plasma samples during treatment (left panel), ctDNA status for each patient at baseline 
(middle panel), and ctDNA fractions at baseline (right panel), in adjuvant and palliative patients, respectively. 
NA marks samples with a different, and less sensitive, detection limit. BL = baseline. (B) Kaplan-Meier analysis 
of overall survival (OS) in strata according to positive vs. negative ctDNA status at baseline in adjuvant patients 
(left panel) and in palliative patients (right panel). (C) Kaplan-Meier analysis of OS in palliative patients in 
strata according to high (ctDNAhigh) vs. low (ctDNAlow) ctDNA concentrations at baseline, one month and 
three months of treatment, defined by the calculated optimal prognostic cutoff value at 350 mGEs/ml plasma. 
(D) From left to right: Distribution of sex, treatment regimen, ECOG performance status and cfDNA levels 
in ctDNAlow and ctDNAhigh patients, respectively. (E) From left to right: Distribution of metastatic status and 
metastatic sites, liver metastases, lung metastases and peritoneal metastases in the ctDNAlow and ctDNAhigh 
groups, respectively. For (D–E) Fisher’s exact test was used to calculate associations between proportions 
of categorical variables. (F) Levels of routine clinical parameters CA19-9, CEA, CRP and albumin, and 
distribution of age in ctDNAlow and ctDNAhigh patients, respectively.

◂

Fig. 3.  Prognostic value of ctDNA and clinical parameters in palliative patients. (A) Hazard ratio for death 
with 95% confidence intervals from univariable Cox regression analysis of binary ctDNA stratification into 
low vs. high concentration at baseline, age at diagnosis in years, metastatic status (M0 vs. M1/M2), regimen 
Nabpaclitaxel and Oxaliplatin against reference gemcitabine, respectively, performance status according to 
the Eastern Cooperative Oncology Group (ECOG) scale63 (levels 2 and 3 combined) and clinical routine 
parameters CA19-9, CEA, CRP and albumin, respectively. (B) Hazard ratio for death with 95% confidence 
intervals from multivariable Cox regression analysis of binary ctDNA stratification into low vs. high 
concentration at baseline adjusted for performance status according to the ECOG scale, CRP and albumin 
levels at baseline.
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parameters in multivariable analysis (Fig. 3B), ctDNA stratification remained the sole independent prognostic 
factor (HR = 3.5, 95% CI = 1.3–9.1).

  
These results highlight the potential utility of upfront, pre-treatment designation of a high and low ctDNA 

category, based on the absolute number of mGEs per ml plasma, for reliable prognostication over time, even 
outperforming established clinical parameters.

CtDNA trajectories during chemotherapy and their relationship to the disease dynamics
We also set out to evaluate the potential value of ctDNA as a tool for on-treatment monitoring of the disease 
dynamics. As shown in Fig. 4A, there was an overall decline in ctDNA levels during chemotherapy between BL 
and 3M in palliative patients. No significant changes were detected in adjuvant patients. Further comparison of 
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the ctDNAlow and ctDNAhigh groups in palliative patients (Fig. 4B) showed that the observed decline in ctDNA 
levels was primarily due to changes in the ctDNAhigh group, with a significant decrease between both BL and 
1M and BL and 3M. These changes did however not remain significant after Bonferroni correction for multiple 
testing.

Next, we explored the potential clinical utility of patient specific ctDNA trajectories within the ctDNAlow and 
ctDNAhigh patient groups. On-treatment trajectories of blood derived gene variants are shown in Fig. 4C for eight 
selected patients, four in the ctDNAhigh group with samples from at least three time points and the three patients 
in the ctDNAlow group where ctDNA levels rose above the ctDNAhigh cutoff value during, or after, treatment, 
along with patient L17, for whom no BL sample was available but who had a particularly fluctuating trajectory. 
Trajectories for the remaining patients can be found in Supplementary Figure S3 (details in Supplementary Table 
S14). Overall, VAF values of different variants fluctuated in tandem over time. However, for patient M32, the 
longitudinal pattern of a mutation detected in the ARID1A gene, and lower VAFs for a variant detected in the 
PIK3CA gene, deviated from the dynamics of the rest of the detected variants, showing possible signs of temporal 
heterogeneity. ctDNA trajectories were also compared to levels of CA19-9 and the clinical disease course. 
Although CA19-9 was not measured as frequently as ctDNA, and not at the same timepoints, there was a weak 
positive correlation between the slopes of the first two measurements (Spearman’s correlation coefficient = 0.38).

Focusing on the ctDNAlow group, increased levels of ctDNA during treatment (above > 350 mGE/ml) were 
associated with progressive disease in all four cases. On the other hand, in the ctDNAhigh group, longitudinal 
monitoring of ctDNA displayed less pronounced concordance to the clinical disease course.

To further investigate our observations on ctDNA dynamics and disease progression in the two groups, 
we compared all ctDNA changes (Δ-ctDNA) associated with disease status at each clinical workup during and 
at the end of treatment. For this analysis, we included all patients with a minimum of two assessable plasma 
samples, with at least one being ctDNA positive (34 patients, 59 Δ-ctDNA events, Supplementary Table S15), as 
seen in Fig. 4D. For patients in the ctDNAhigh group, a decrease resulting in ctDNA levels below the prognostic 
cutoff value was only associated with disease regression or stable disease for four out of eight (50%) Δ-ctDNA 
events. For the four Δ-ctDNA events associated with disease regression or stable disease, the median percentage 
of decrease was 95,5%, and for the four Δ-ctDNA events associated with disease progression or death within 
three months, the median percentage of decrease was 63,0%. Furthermore, the dynamics of ctDNA did not have 
any significant impact on disease outcome as long as the total ctDNA level remained above the cutoff value, 
as all Δ-ctDNA events were associated with progression or death within three months. On the other hand, for 
the ctDNAlow group, decreased or stable ctDNA levels were most often linked to regression or stable disease 
(24/33 Δ-ctDNA events, 73%). Notably, an increase in ctDNA levels above the prognostic cutoff was consistently 
correlated to disease progression (3/3 Δ-ctDNA events).

These results suggest that monitoring of ctDNA levels more accurately predicts disease dynamics in palliative 
patients upfront assigned to the ctDNAlow group, compared to the ctDNAhigh group. Additionally, they validate 
the utility of the mGE based cutoff for prognostication.

The mutational landscape of ctDNA captures and complements tumor tissue analyses and 
holds potential as a tool for precision medicine
To evaluate genetic intrapatient heterogeneity, both temporally between longitudinal ctDNA samples (41 patients, 
90 samples) and to matched tumor tissue whenever available (24 patients, 57 samples), we compared all detected 
variants found in genes included in the CHAMP-panel for all patients with at least one ctDNA positive sample 
(Fig. 5A). Overall, the most frequently mutated genes were KRAS and TP53, followed by SMAD4 and CDKN2A. 
Notably, no intrapatient temporal heterogeneity was detected between plasma samples from different time 
points, after omitting all disparities that could not be ruled out as a consequence of reduced ctDNA abundance. 
Comparisons of the mutational landscape between matched cfDNA and tumor samples showed discrepancies 
in seven cases (L19, M01, M25, M30, M32, M33, M34), considering patients with at least one plasma sample 
with a ctDNA fraction above 2%. For instance, a stop gained variant was detected in the APC gene in plasma 
samples from M01 and a missense variant was detected in SMAD4 in plasma samples from patient M25, neither 
of which were detected in matched tumor tissue. On the contrary, in L19 and M30, a frameshift variant and a 
stop gained variant, respectively, were detected in the TGFBR2 gene in the matched tumor tissue, but not in any 
of the plasma samples. Of note, the TGFBR2 variant in M30 was only detected in one out of four tumor samples.

Fig. 4.  ctDNA dynamics during chemotherapy in relation to disease course, radiology reports and levels 
of CA19-9. (A) Levels of ctDNA (mGE/ml plasma) at different timepoints during treatment for adjuvant 
and palliative patients, respectively, and (B) for palliative patients in the ctDNAlow and ctDNAhigh group, 
respectively (ns = not significant, * = p < 0.05, ** p < 0.01, in Wilcoxon sign-rank test). (C) Trajectories for 
cfDNA corrected variant allele frequencies (VAF) of gene variants and levels of CA19-9 in plasma for 
eight selected patients, three in the ctDNAlow, four in the ctDNAhigh group and patient L17, together with 
treatment regimens and radiological evaluations (green triangle = radiological regression or stable disease, red 
triangle = radiological progression). (D) Evaluation of changes in ctDNA (Δ-ctDNA) related to disease status 
at any clinical workup, during treatment or at the end of treatment, in the ctDNAhigh and ctDNAlow patient 
groups, respectively. In the ctDNAhigh group, Δ-ctDNA categories were defined as a decrease, if the resulting 
ctDNA concentration was below the prognostic cutoff (350 mGEs/ml plasma), or as staying above the cutoff, 
regardless of Δ-ctDNA. In the ctDNAlow group, Δ-ctDNA was defined as a decrease if the Δ-ctDNA was less 
than 25 units (mGEs/ml plasma), stable if the change was within 25 absolute units, and an increase as a change 
that was greater than 25 units, either below or above the prognostic cutoff value.

◂
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The customized ctDNA panel was also designed to enable detection of common targets for precision 
medicine, approved for other solid cancers, which would be especially important for cases with no available 
tissue sample (47% of the palliative patients in the present study). For instance, a KRASG12C mutation was found 
in patient M05, meeting the criteria for targeted treatment with the selective KRAS-G12C inhibitor sotorasib. 
In addition, a somatic mutation in BRCA1 was detected in patient M01 and two BRCA2 variants, one germline 
and one somatic, were found in patient L17, for which there are targeted treatment options available, such as 
the PARP-inhibitor olaparib. Finally, mutations in PIK3CA were exclusively detected in plasma samples in three 
patients (M27, M32 and M34), where PI3K inhibitors such as alpelisib could be considered a treatment option.

These results demonstrate that the herein applied customized ctDNA panel allows for identification of 
common targets for personalized medicine with equivalent, and potentially even better, precision than tumor 
tissue analyses.
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Copy number profiles in ctDNA align well with matched tumor tissue and provide additional 
information on the temporal genetic heterogeneity during chemotherapy
In ten of the palliative patients, and a total of 14 samples, we were able to detect plasma derived copy number 
profiles across the whole genome (Fig. 5B). The ctDNA fractions for these samples were estimated to a median 
of 23.6% (range 14.5–42.1%). Moreover, in an additional ten patients, and 19 samples, SNP data could also aid 
estimation of ctDNA fractions by providing information on underlying allelic imbalances and amplifications. 
Cumulatively, by combining b-allele frequency (BAF) data from the incorporated SNPs, along with log2-ratios 
derived from all condensed reads ranging over the entire genome (including off-target reads), integration of 
copy number data from plasma derived ctDNA provided valuable information in 47% (n = 20) of the palliative 
patients (for details, see Supplementary Table S1). Discrepancies between the unmodified and the CNA 
corrected MAF based ctDNA fractions are shown in Supplementary Figure S4, emphasizing the advantage of 
CNA incorporation for ctDNA monitoring over time. Moreover, amplified or duplicated regions including the 
KRAS and MYC genes were detected in ctDNA from twelve and eleven patients, respectively.

To further validate the detected plasma-derived copy number profiles (n = 10), we compared them to matched 
tumor tissue whenever possible, considering tissue availability and sufficient tumor cell fractions (n = 5), as 
shown in Supplementary Figure S4. Overall, the copy number profiles from matched tissue and ctDNA samples 
conformed closely with each other, even for chromosomes not covered by SNPs, as demonstrated for patient L16 
in Fig. 4C. For instance, an amplification including KRAS on chromosome 12 and homozygous losses of regions 
including CDKN2A and SMAD4 on chromosome 9 and 18, respectively, were seen in both the diagnostic tumor 
biopsy and the BL plasma sample. On the other hand, a KRAS amplification detected after seven months of 
treatment in patient L01 was not found in the matched treatment naïve tumor biopsy, or in the BL plasma sample 
(Supplementary Figure S5). However, for the BL sample, we could not rule out the absence to be just an effect of 
a lower ctDNA plasma fraction (5%).

Moreover, in Fig. 5D, a summarizing graph of CNA frequencies throughout the genome for plasma samples 
with sufficient ctDNA fractions (n = 10), and tissue samples for the ctDNAhigh (n = 6) and ctDNAlow (n = 8) group, 
are shown separately. In general, similar frequency patterns were seen for ctDNA and tumor tissue derived 
CNAs, with for instance loss of 17p and 18q in a large proportion of the samples in both groups. Furthermore, 
ctDNA samples and tumor samples in the ctDNAhigh group showed a trend towards higher prevalence of 12p 
chromosomal gains (including KRAS) compared to the ctDNAlow group. For sample specific copy number 
profiles from different areas of each resected tumor in adjuvant patients and in one autopsied case (M11), see 
Supplementary Figure S6.

These results demonstrate the feasibility of CNA assessment in ctDNA, using ultra-deep targeted sequencing, 
and its advantage for a more accurate estimation of the ctDNA fraction. Moreover, the results further promote the 
utilization of CNA analyses to gain additional insight into treatment-driven genetic evolution and development 
of resistance.

Discussion
In this study, we have compiled a comprehensive amount of real-world data from an observational clinical study 
in the attempt to create a blueprint of qualitative and quantitative changes in ctDNA during chemotherapy 
treatment in patients newly diagnosed with pancreatic cancer. Particular focus was placed on palliative patients 
receiving first-line chemotherapy, as they have an overall higher ctDNA burden than adjuvant patients, have no 
prospect of cure and make up the vast majority of patients.

We started out by examining the prognostic value of ctDNA status prior to the initiation of chemotherapy 
treatment, and contrary to a number of previous studies on patients with advanced pancreatic cancer7,10,15, 
stratification into ctDNA positive and negative categories was not prognostic in our cohort. Several factors may 
contribute to this discrepancy, including sample size, differences in sensitivity of the methods and number and 
size of target regions. Worth noting, however, is that the proportion of negative cases in the palliative patient 
group was smaller than in most other studies. Therefore, we cannot claim that a more sensitive detection method, 
such as ddPCR7, would have made ctDNA positivity vs. negativity a better prognostic indicator for this patient 
group. Of note, by utilizing our customized gene panel, we were able to detect ctDNA even in patients with KRAS 
wild-type tumors. On the contrary, for patients with resectable disease, the number of cases with positive ctDNA 
baseline status was lower than in previous research49,50. This is most probably due to the differences in assay 
sensitivity between a tumor-informed approach compared to the tumor-naïve approach utilized in this study, 
the latter addressing the issue of tumor tissue limitations in advanced disease.

Fig. 5.  ctDNA and tissue derived somatic variants and copy number profiles. (A) Somatic variants detected 
in ctDNA and matched tumor tissue samples whenever available. Of note, patient M27 had three different 
missense variants in the PIK3CA gene. (B) Detected copy number changes (gains and losses with a minimum 
sample fraction of 10%), in chromosomes 1–22, for ten patients and a total of 14 samples with ctDNA fractions 
above 14.5%. Gains are shown in red and losses in blue. For four patients, two longitudinal samples are shown. 
Samples included in the frequency plot below are marked in yellow. (C) Comparison of the copy number 
profile in ctDNA and a matched diagnostic biopsy for patient L16. A 12p amplification covering KRAS, and 
homozygous deletions covering CDKN2A and SMAD4 on 17p and 18q, respectively, are annotated. In the 
ctDNA panel, target bins are colored based on; exonic regions = green, SNP positions = blue, off-target = grey. 
(D) Summarizing frequency plots of gains and losses (one sample per patient, minimum 10% sample fraction) 
in ctDNA (n = 10) and in tumor tissue originating from the ctDNAhigh (n = 6) and ctDNAlow (n = 8) patient 
groups respectively. Gains covering the KRAS locus in each graph are noted in green.

◂
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A few previous studies have proposed that a more quantitative approach may offer further refined subgroups 
within palliative patients6,7, although still without any consensus on a defined prognostic cutoff. For example, in 
a study by Patel et al., the patients were divided by the median total fraction of ctDNA, following NGS, whereby 
patients with ctDNA levels above 0.6% had a worse prognosis (11.7 versus 6.3 months)6. However, as the ctDNA 
fraction remains dependent on the total cfDNA concentration at any given time point, the absolute number of 
mutated ctDNA molecules per ml plasma has instead been suggested to be a better proxy for the circulating 
tumor burden51. On that note, Pietrazs et al. instead utilized ddPCR to group the patients into tertiles based 
on the absolute quantity of ctDNA, which also revealed a significant association between ctDNA quantity and 
survival7. However, challenges remain in comparing quantitative results from different technologies, such as 
ddPCR and NGS-based assays5, in a satisfactory manner.

Thus, we moved forward with calculations of absolute pre-treatment ctDNA levels in palliative patients, 
whereafter an optimized prognostic model was applied, with a median OS of 3.7 months in the ctDNAhigh group, 
and a median OS of 11.9 months in the ctDNAlow group. Of note, although the detected optimal prognostic 
ctDNA cutoff was calculated from BL levels, it remained strongly significant in subsequent measurements at 1M 
and 3M. Moreover, and importantly, the calculated ctDNA cutoff remained the only independent prognostic 
factor in multivariable analysis.

To our best knowledge, no previous studies have assessed the prognostic utility of an optimized ctDNA-based 
cutoff in relation to absolute pre-treatment levels in plasma. Hence, we postulate that an upfront dichotomization 
into ctDNAhigh and ctDNAlow groups could constitute a meaningful first step in a more tailored treatment 
approach, as the ctDNAlow group appears to give an adequate definition of palliative patients who are likely 
to have a comparatively good response to first line chemotherapy. Moreover, since the ctDNA dynamics was a 
more accurate indicator of disease progression and regression in the ctDNAlow group, we also postulate that on-
treatment monitoring of ctDNA and/or other biomarkers could be of particular value in the ctDNAlow group, 
potentially to guide adaptive treatment strategies. Regarding the ctDNAhigh group, consisting of fewer patients, 
it is evident that any window of opportunity to find an effective treatment strategy will only briefly be left ajar. 
Given their higher ctDNA levels, rapid upfront identification of targetable alterations could change the outlook 
for some of these patients. On the other hand, if no treatment targets can be identified, our results indicate that 
patients in the ctDNAhigh group with rising or persistently high ctDNA levels, above the prognostic cutoff, after 
chemotherapy initiation will likely have little or no treatment benefit. Thus, for these patients, early initiation 
of best supportive care could increase their chances of having an increased quality of life in the few remaining 
weeks or months of life. It must however be pointed out that the herein calculated cutoff needs further validation 
in additional studies.

Of note, all patients in the CHAMP study are treated with chemotherapy, since this is an inclusion criterion, 
and one of the main aims is to study tumor evolution during chemotherapy. Thus, patients who are too ill to 
be eligible for chemotherapy are excluded. It is therefore possible that we may miss some potentially important 
information on the specific biology of their tumors, which is a potential weakness of the study. On the other 
hand, it can also be argued that the results from this article are based on real-world data from a group of patients 
who is sufficiently homogeneous for identification of clinically relevant patterns in the on-treatment disease 
dynamics, which may help predict the duration of response to chemotherapy and guide precision medicine. In 
line with this reasoning, it would not be meaningful to compare the results with a control group not receiving 
systemic chemotherapy.

Comparisons of the clinical characteristics between the groups showed that the prevalence of distant 
metastases was significantly higher in the ctDNAhigh (100%) than in the ctDNAlow (60%) group, and comparisons 
by metastatic site revealed that this difference was only significant for liver, not lung or peritoneal, metastases. 
The finding that liver metastases contribute to higher levels of ctDNA in the circulation is in line with previous 
studies on PDAC and other types of cancer7,52. Moreover, levels of routine clinical blood parameters CEA, 
CA19-9 and CRP were, as expected, higher, and albumin was lower in the ctDNAhigh group. The finding of 
ctDNA levels being inversely associated with age is also supported by previous research7. Age was however not 
prognostic in the present study cohort and existing literature supports that age, if anything, is linked to shorter 
survival53.

A secondary objective in the design of the CHAMP ctDNA panel was to facilitate plasma identification of 
alterations in 23 genes relevant for precision medicine, as this has provided clinically relevant information in 
other studies, even when utilizing smaller gene panels3,54,55. This is of particular importance in PDAC patients 
where tumor tissue is rarely available at diagnosis, which was the case for almost half of the palliative patients 
in our cohort, and even less so at disease progression, as repeat tissue biopsies are almost never obtained. 
Significant findings included somatic mutations in KRAS (G12C), BRCA1/2 and PIK3CA, for which there 
are targeted treatments approved for other solid cancers. Worth noting is that the PIK3CA mutation was 
exclusively detected in blood. In addition, by broad targeted sequencing of normal blood, germline variants with 
neoplastic pathogenicity were detected in genes known to be tumor agnostic biomarkers predicting response to 
immunotherapy (MLH1 and MSH2), or to PARP-inhibitors (BRCA2 and ATM). These findings further support 
the importance of upfront molecular testing in all PDAC patients.

Whenever possible, we also set out to evaluate the extent of genetic heterogeneity between serial plasma 
samples as well as between plasma samples and, matched tumor tissue. While we could not detect any intrapatient 
genetic temporal heterogeneity, the mutational landscape between cfDNA and matched tumor samples showed 
discrepancies in seven patients, in that some mutations were seen only in ctDNA and others only in tissue, 
similarly to other studies6,56. This observed heterogeneity highlights the added value of liquid biopsies as 
a complement to single-lesion tumor biopsies, as these may not reflect the overall genetic landscape of the 
tumor4,57,58. In addition, the frequent lack of high-yield tissue samples, owing to the location of the primary 
tumor deep in the abdomen, and an overall sparse tumor cell fraction due to an often dominating desmoplastic 
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component, underscores the importance of liquid biopsy implementation in PDAC. On the other hand, the 
copy number profiles from matched tissue and ctDNA samples showed a higher degree of similarity, validating 
our small customized ctDNA design for genome-wide copy number calling, consistent with another recent 
publication59. These results are also in line with a previous study utilizing shallow whole genome sequencing 
on longitudinal cfDNA samples in advanced PDAC60. An amplification covering the KRAS gene was, however, 
detected in a plasma sample associated with disease progression in one patient with a KRAS mutated tumor, 
which is also in line with previous research61. Speculatively, as the amplification was not detectable in the 
diagnostic pre-treatment biopsy, this could indicate signs of treatment resistance as previously discussed in a 
PDAC case report62.

In summary, these real-world data support the potential value of on-treatment ctDNA monitoring for 
assessment of response to chemotherapy in patients with locally advanced or metastatic pancreatic cancer. 
Accordingly, the identification of an appropriate prognostic cutoff at baseline depends on both the context and 
methodology, which must be considered in validatory studies. The results also demonstrate the versatile clinical 
utility of applying a customized and focused sequencing approach for ctDNA, that serves as a reliable non-
invasive alternative to tumor tissue analyses over time, both regarding small variants and copy number profiles.

Data availability
Due to constraints related to patient privacy and institutional regulations, we cannot publicly share the source 
data files, sequencing data, and code used in this article. De-identified individual participant data, including 
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investigator, email karin.jirstrom@med.lu.se . All other data supporting the findings of this study are available 
within the article and its supplementary files.

Received: 22 March 2025; Accepted: 29 September 2025

References
	 1.	 Siegel, R. L., Miller, K. D. & Jemal, A. Cancer statistics, 2020. CA Cancer J. Clin. 70, 7–30. https://doi.org/10.3322/caac.21590 

(2020).
	 2.	 Pishvaian, M. J. et al. Molecular profiling of patients with pancreatic cancer: initial results from the know your tumor initiative. 

Clin. Cancer Res. 24, 5018–5027. https://doi.org/10.1158/1078-0432.CCR-18-0531 (2018).
	 3.	 Pishvaian, M. J. et al. Overall survival in patients with pancreatic cancer receiving matched therapies following molecular profiling: 

a retrospective analysis of the know your tumor registry trial. Lancet Oncol. 21, 508–518. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​S​1​4​7​0​-​2​0​4​5​(​2​0​)​
3​0​0​7​4​-​7​​​​ (2020).

	 4.	 Parikh, A. R. et al. Liquid versus tissue biopsy for detecting acquired resistance and tumor heterogeneity in Gastrointestinal 
cancers. Nat. Med. 25, 1415–1421. https://doi.org/10.1038/s41591-019-0561-9 (2019).

	 5.	 Bettegowda, C. et al. Detection of Circulating tumor DNA in early- and late-stage human malignancies. Sci. Transl Med. 6, 
224ra224. https://doi.org/10.1126/scitranslmed.3007094 (2014).

	 6.	 Patel, H. et al. Clinical correlates of blood-derived Circulating tumor DNA in pancreatic cancer. J. Hematol. Oncol. 12, 130. ​h​t​t​p​s​:​
/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​8​6​/​s​1​3​0​4​5​-​0​1​9​-​0​8​2​4​-​4​​​​ (2019).

	 7.	 Pietrasz, D. et al. Prognostic value of Circulating tumour DNA in metastatic pancreatic cancer patients: post-hoc analyses of two 
clinical trials. Br. J. Cancer. 126, 440–448. https://doi.org/10.1038/s41416-021-01624-2 (2022).

	 8.	 Castells, A. et al. K-ras mutations in DNA extracted from the plasma of patients with pancreatic carcinoma: diagnostic utility and 
prognostic significance. J. Clin. Oncol. 17, 578–584. https://doi.org/10.1200/JCO.1999.17.2.578 (1999).

	 9.	 Creemers, A. et al. Clinical value of ctdna in upper-GI cancers: A systematic review and meta-analysis. Biochim. Biophys. Acta Rev. 
Cancer. 1868, 394–403. https://doi.org/10.1016/j.bbcan.2017.08.002 (2017).

	10.	 Kruger, S. et al. Repeated MutKRAS ctdna measurements represent a novel and promising tool for early response prediction and 
therapy monitoring in advanced pancreatic cancer. Ann. Oncol. 29, 2348–2355. https://doi.org/10.1093/annonc/mdy417 (2018).

	11.	 Waddell, N. et al. Whole genomes redefine the mutational landscape of pancreatic cancer. Nature 518, 495–501. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​
.​1​0​3​8​/​n​a​t​u​r​e​1​4​1​6​9​​​​ (2015).

	12.	 Jones, S. et al. Core signaling pathways in human pancreatic cancers revealed by global genomic analyses. Science 321, 1801–1806. 
https://doi.org/10.1126/science.1164368 (2008).

	13.	 Dayimu, A. et al. Clinical and biological markers predictive of treatment response associated with metastatic pancreatic 
adenocarcinoma. Br. J. Cancer. 128, 1672–1680. https://doi.org/10.1038/s41416-023-02170-9 (2023).

	14.	 Watanabe, F. et al. Longitudinal monitoring of KRAS-mutated Circulating tumor DNA enables the prediction of prognosis and 
therapeutic responses in patients with pancreatic cancer. PLoS One. 14, e0227366. https://doi.org/10.1371/journal.pone.0227366 
(2019).

	15.	 Edland, K. H. et al. Monitoring of Circulating tumour DNA in advanced pancreatic ductal adenocarcinoma predicts clinical 
outcome and reveals disease progression earlier than radiological imaging. Mol. Oncol. 17, 1857–1870. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​2​/​1​8​
7​8​-​0​2​6​1​.​1​3​4​7​2​​​​ (2023).

	16.	 Sivapalan, L. et al. Longitudinal profiling of Circulating tumour DNA for tracking tumour dynamics in pancreatic cancer. BMC 
Cancer. 22, 369. https://doi.org/10.1186/s12885-022-09387-6 (2022).

	17.	 Guan, S. et al. Evaluation of Circulating tumor DNA as a prognostic biomarker for metastatic pancreatic adenocarcinoma. Front. 
Oncol. 12, 926260. https://doi.org/10.3389/fonc.2022.926260 (2022).

	18.	 Wei, T. et al. Monitoring tumor burden in response to FOLFIRINOX chemotherapy via profiling Circulating Cell-Free DNA in 
pancreatic cancer. Mol. Cancer Ther. 18, 196–203. https://doi.org/10.1158/1535-7163.MCT-17-1298 (2019).

	19.	 Hau, S. O. et al. Chemotherapy, host response and molecular dynamics in periampullary cancer: the CHAMP study. BMC Cancer. 
20, 308. https://doi.org/10.1186/s12885-020-06807-3 (2020).

	20.	 Hau, S. O., Svensson, M., Petersson, A., Eberhard, J. & Jirstrom, K. Trajectories of immune-related serum proteins and quality of 
life in patients with pancreatic and other periampullary cancer: the CHAMP study. BMC Cancer. 23, 1074. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​8​
6​/​s​1​2​8​8​5​-​0​2​3​-​1​1​5​6​2​-​2​​​​ (2023).

	21.	 Jiang, H., Lei, R., Ding, S. W. & Zhu, S. Skewer: a fast and accurate adapter trimmer for next-generation sequencing paired-end 
reads. BMC Bioinform. 15, 182. https://doi.org/10.1186/1471-2105-15-182 (2014).

	22.	 Broad Institute. Picard Tools. Broad Institute, Github repository (2018).
	23.	 Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. arXiv, (2013).

Scientific Reports |        (2025) 15:34481 15| https://doi.org/10.1038/s41598-025-22369-5

www.nature.com/scientificreports/

https://doi.org/10.3322/caac.21590
https://doi.org/10.1158/1078-0432.CCR-18-0531
https://doi.org/10.1016/S1470-2045(20)30074-7
https://doi.org/10.1016/S1470-2045(20)30074-7
https://doi.org/10.1038/s41591-019-0561-9
https://doi.org/10.1126/scitranslmed.3007094
https://doi.org/10.1186/s13045-019-0824-4
https://doi.org/10.1186/s13045-019-0824-4
https://doi.org/10.1038/s41416-021-01624-2
https://doi.org/10.1200/JCO.1999.17.2.578
https://doi.org/10.1016/j.bbcan.2017.08.002
https://doi.org/10.1093/annonc/mdy417
https://doi.org/10.1038/nature14169
https://doi.org/10.1038/nature14169
https://doi.org/10.1126/science.1164368
https://doi.org/10.1038/s41416-023-02170-9
https://doi.org/10.1371/journal.pone.0227366
https://doi.org/10.1002/1878-0261.13472
https://doi.org/10.1002/1878-0261.13472
https://doi.org/10.1186/s12885-022-09387-6
https://doi.org/10.3389/fonc.2022.926260
https://doi.org/10.1158/1535-7163.MCT-17-1298
https://doi.org/10.1186/s12885-020-06807-3
https://doi.org/10.1186/s12885-023-11562-2
https://doi.org/10.1186/s12885-023-11562-2
https://doi.org/10.1186/1471-2105-15-182
http://www.nature.com/scientificreports


	24.	 McKenna, A. et al. The genome analysis toolkit: a mapreduce framework for analyzing next-generation DNA sequencing data. 
Genome Res. 20, 1297–1303. https://doi.org/10.1101/gr.107524.110 (2010).

	25.	 Van der Auwera, G. A. & O’Connor, B. D. Genomics in the Cloud: Using Docker, GATK, and WDL in Terra 1st Edition edn, (O’Reilly 
Media, (2020).

	26.	 Benjamin, D. et al. Calling Somatic SNVs and Indels with Mutect2. bioRxiv 861054 (2019). https://doi.org/10.1101/861054
	27.	 Saunders, C. T. et al. Strelka: accurate somatic small-variant calling from sequenced tumor-normal sample pairs. Bioinformatics 28, 

1811–1817. https://doi.org/10.1093/bioinformatics/bts271 (2012).
	28.	 Lai, Z. et al. VarDict: a novel and versatile variant caller for next-generation sequencing in cancer research. Nucleic Acids Res. 44, 

e108. https://doi.org/10.1093/nar/gkw227 (2016).
	29.	 Koboldt, D. C. et al. VarScan 2: somatic mutation and copy number alteration discovery in cancer by exome sequencing. Genome 

Res. 22, 568–576. https://doi.org/10.1101/gr.129684.111 (2012).
	30.	 Fang, L. T. et al. An ensemble approach to accurately detect somatic mutations using somaticseq. Genome Biol. 16, 197. ​h​t​t​p​s​:​/​/​d​o​

i​.​o​r​g​/​1​0​.​1​1​8​6​/​s​1​3​0​5​9​-​0​1​5​-​0​7​5​8​-​2​​​​ (2015).
	31.	 McLaren, W. et al. The ensembl variant effect predictor. Genome Biol. 17, 122. https://doi.org/10.1186/s13059-016-0974-4 (2016).
	32.	 Robinson, J. T. et al. Integrative genomics viewer. Nat. Biotechnol. 29, 24–26. https://doi.org/10.1038/nbt.1754 (2011).
	33.	 Poplin, R. et al. Scaling accurate genetic variant discovery to tens of thousands of samples. bioRxiv, 201178 (2018). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​

/​1​0​.​1​1​0​1​/​2​0​1​1​7​8​​​​​​​
	34.	 Karczewski, K. J. et al. The mutational constraint spectrum quantified from variation in 141,456 humans. Nature 581, 434–443. 

https://doi.org/10.1038/s41586-020-2308-7 (2020).
	35.	 Landrum, M. J. et al. ClinVar: improving access to variant interpretations and supporting evidence. Nucleic Acids Res. 46, D1062–

D1067. https://doi.org/10.1093/nar/gkx1153 (2018).
	36.	 Talevich, E., Shain, A. H., Botton, T. & Bastian, B. C. CNVkit: Genome-Wide copy number detection and visualization from 

targeted DNA sequencing. PLoS Comput. Biol. 12, e1004873. https://doi.org/10.1371/journal.pcbi.1004873 (2016).
	37.	 Petersson, A. et al. Branching copy number evolution and parallel immune profiles across the regional tumor space of resected 

pancreatic cancer. Mol. Cancer Res. https://doi.org/10.1158/1541-7786.MCR-21-0986 (2022).
	38.	 Rasmussen, M. et al. Allele-specific copy number analysis of tumor samples with aneuploidy and tumor heterogeneity. Genome 

Biol. 12 (R108). https://doi.org/10.1186/gb-2011-12-10-r108 (2011).
	39.	 Cancer Genome Atlas Research Network. Electronic address, a. a. d. h. e. & Cancer Genome Atlas Research, N. Integrated Genomic 

Characterization of Pancreatic Ductal Adenocarcinoma. Cancer Cell 32, 185–203 e113. (2017). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​c​c​e​l​l​.​2​0​1​7​
.​0​7​.​0​0​7​​​​​​​

	40.	 Botrus, G. et al. Circulating tumor DNA-Based testing and actionable findings in patients with advanced and metastatic pancreatic 
adenocarcinoma. Oncologist 26, 569–578. https://doi.org/10.1002/onco.13717 (2021).

	41.	 Notta, F. et al. A renewed model of pancreatic cancer evolution based on genomic rearrangement patterns. Nature 538, 378–382. 
https://doi.org/10.1038/nature19823 (2016).

	42.	 Garrison, E. & Marth, G. Haplotype-based variant detection from short-read sequencing. arXiv:1207.3907  (2012).
	43.	 Danecek, P. et al. Twelve years of samtools and BCFtools. GigaScience 10 https://doi.org/10.1093/gigascience/giab008 (2021).
	44.	 Mayrhofer, M. et al. Sensitive detection of copy number alterations in samples with low circulating tumor DNA fraction. medRxiv, 

2024.2005.2004.24306860 (2024). https://doi.org/10.1101/2024.05.04.24306860
	45.	 Alba-Bernal, A. et al. Increased blood draws for ultrasensitive ctdna and CTCs detection in early breast cancer patients. NPJ Breast 

Cancer. 10, 36. https://doi.org/10.1038/s41523-024-00642-6 (2024).
	46.	 Chen, S., Zhou, Y., Chen, Y. & Gu, J. Fastp: an ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 34, i884–i890. ​h​t​t​p​s​:​/​/​d​o​i​.​

o​r​g​/​1​0​.​1​0​9​3​/​b​i​o​i​n​f​o​r​m​a​t​i​c​s​/​b​t​y​5​6​0​​​​ (2018).
	47.	 Bourbon, E., Alcazer, V., Cheli, E., Huet, S. & Sujobert, P. How to obtain a high quality ctdna in lymphoma patients: preanalytical 

tips and tricks. Pharmaceuticals (Basel). 14. https://doi.org/10.3390/ph14070617 (2021).
	48.	 Cabel, L. et al. Circulating tumor DNA changes for early monitoring of anti-PD1 immunotherapy: a proof-of-concept study. Ann. 

Oncol. 28, 1996–2001. https://doi.org/10.1093/annonc/mdx212 (2017).
	49.	 Botta, G. P. et al. Association of personalized and tumor-informed ctdna with patient survival outcomes in pancreatic 

adenocarcinoma. Oncologist 29, 859–869. https://doi.org/10.1093/oncolo/oyae155 (2024).
	50.	 Cecchini, M. et al. Perioperative modified FOLFIRINOX for resectable pancreatic cancer: A nonrandomized controlled trial. 

JAMA Oncol. 10, 1027–1035. https://doi.org/10.1001/jamaoncol.2024.1575 (2024).
	51.	 Wan, J. C. M. et al. Liquid biopsies come of age: towards implementation of Circulating tumour DNA. Nat. Rev. Cancer. 17, 

223–238. https://doi.org/10.1038/nrc.2017.7 (2017).
	52.	 Uesato, Y. et al. Evaluation of Circulating tumor DNA as a biomarker in pancreatic cancer with liver metastasis. PLoS One. 15, 

e0235623. https://doi.org/10.1371/journal.pone.0235623 (2020).
	53.	 Wang, H. et al. Survival of pancreatic cancer patients is negatively correlated with age at diagnosis: a population-based retrospective 

study. Sci. Rep. 10, 7048. https://doi.org/10.1038/s41598-020-64068-3 (2020).
	54.	 Takai, E. et al. Clinical utility of Circulating tumor DNA for molecular assessment and precision medicine in pancreatic cancer. 

Adv. Exp. Med. Biol. 924, 13–17. https://doi.org/10.1007/978-3-319-42044-8_3 (2016).
	55.	 Reissig, T. M. et al. Smaller panel, similar results: genomic profiling and molecularly informed therapy in pancreatic cancer. ESMO 

Open. 8, 101539. https://doi.org/10.1016/j.esmoop.2023.101539 (2023).
	56.	 Zill, O. A. et al. Cell-Free DNA Next-Generation sequencing in pancreatobiliary carcinomas. Cancer Discov. 5, 1040–1048. ​h​t​t​p​s​:​/​

/​d​o​i​.​o​r​g​/​1​0​.​1​1​5​8​/​2​1​5​9​-​8​2​9​0​.​C​D​-​1​5​-​0​2​7​4​​​​ (2015).
	57.	 Swanton, C. Intratumor heterogeneity: evolution through space and time. Cancer Res. 72, 4875–4882. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​5​8​/​0​0​0​

8​-​5​4​7​2​.​C​A​N​-​1​2​-​2​2​1​7​​​​ (2012).
	58.	 Iacobuzio-Donahue, C. A., Litchfield, K. & Swanton, C. Intratumor heterogeneity reflects clinical disease course. Nat. Cancer. 1, 

3–6. https://doi.org/10.1038/s43018-019-0002-1 (2020).
	59.	 Lapin, M. et al. Comprehensive ctdna measurements improve prediction of clinical outcomes and enable dynamic tracking of 

disease progression in advanced pancreatic cancer. Clin. Cancer Res. 29, 1267–1278. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​5​8​/​1​0​7​8​-​0​4​3​2​.​C​C​R​-​2​2​-​3​
5​2​6​​​​ (2023).

	60.	 Wei, T. et al. Genome-wide profiling of Circulating tumor DNA depicts landscape of copy number alterations in pancreatic cancer 
with liver metastasis. Mol. Oncol. 14, 1966–1977. https://doi.org/10.1002/1878-0261.12757 (2020).

	61.	 Mohan, S. et al. Analysis of Circulating cell-free DNA identifies KRAS copy number gain and mutation as a novel prognostic 
marker in pancreatic cancer. Sci. Rep. 9, 11610. https://doi.org/10.1038/s41598-019-47489-7 (2019).

	62.	 Pittella-Silva, F., Kimura, Y., Low, S. K., Nakamura, Y. & Motoya, M. Amplification of mutant KRAS(G12D) in a patient with 
advanced metastatic pancreatic adenocarcinoma detected by liquid biopsy: A case report. Mol. Clin. Oncol. 15, 172. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​3​8​9​2​/​m​c​o​.​2​0​2​1​.​2​3​3​4​​​​ (2021).

	63.	 Oken, M. M. et al. Toxicity and response criteria of the Eastern cooperative oncology group. Am. J. Clin. Oncol. 5, 649–655 (1982).

Acknowledgements
The authors thank research nurses Carina Eriksson, Marie Sjögren, Mattias Björnesäter, Lise-Lott Johansson, 
Märta Adauktusson, Lina Zander, Charlotta Wollheim, and Solveig Karlsson. They also thank Björn Nodin 

Scientific Reports |        (2025) 15:34481 16| https://doi.org/10.1038/s41598-025-22369-5

www.nature.com/scientificreports/

https://doi.org/10.1101/gr.107524.110
https://doi.org/10.1101/861054
https://doi.org/10.1093/bioinformatics/bts271
https://doi.org/10.1093/nar/gkw227
https://doi.org/10.1101/gr.129684.111
https://doi.org/10.1186/s13059-015-0758-2
https://doi.org/10.1186/s13059-015-0758-2
https://doi.org/10.1186/s13059-016-0974-4
https://doi.org/10.1038/nbt.1754
https://doi.org/10.1101/201178
https://doi.org/10.1101/201178
https://doi.org/10.1038/s41586-020-2308-7
https://doi.org/10.1093/nar/gkx1153
https://doi.org/10.1371/journal.pcbi.1004873
https://doi.org/10.1158/1541-7786.MCR-21-0986
https://doi.org/10.1186/gb-2011-12-10-r108
https://doi.org/10.1016/j.ccell.2017.07.007
https://doi.org/10.1016/j.ccell.2017.07.007
https://doi.org/10.1002/onco.13717
https://doi.org/10.1038/nature19823
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1101/2024.05.04.24306860
https://doi.org/10.1038/s41523-024-00642-6
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.3390/ph14070617
https://doi.org/10.1093/annonc/mdx212
https://doi.org/10.1093/oncolo/oyae155
https://doi.org/10.1001/jamaoncol.2024.1575
https://doi.org/10.1038/nrc.2017.7
https://doi.org/10.1371/journal.pone.0235623
https://doi.org/10.1038/s41598-020-64068-3
https://doi.org/10.1007/978-3-319-42044-8_3
https://doi.org/10.1016/j.esmoop.2023.101539
https://doi.org/10.1158/2159-8290.CD-15-0274
https://doi.org/10.1158/2159-8290.CD-15-0274
https://doi.org/10.1158/0008-5472.CAN-12-2217
https://doi.org/10.1158/0008-5472.CAN-12-2217
https://doi.org/10.1038/s43018-019-0002-1
https://doi.org/10.1158/1078-0432.CCR-22-3526
https://doi.org/10.1158/1078-0432.CCR-22-3526
https://doi.org/10.1002/1878-0261.12757
https://doi.org/10.1038/s41598-019-47489-7
https://doi.org/10.3892/mco.2021.2334
https://doi.org/10.3892/mco.2021.2334
http://www.nature.com/scientificreports


for preparation of DNA from tumor tissue, Clinical Genomics Lund, SciLifeLab and Center for Translational 
Genomics (CTG), Lund University, for providing expertise and service with sequencing and analysis, and Björn 
Hallström for assistance with the bioinformatic analyses. The authors also thank all the patients in the CHAMP 
study.

Author contributions
AP and MS: Design, methodology, statistical analysis, figure construction, writing original draft. SOH: Patient 
recruitment, review and editing of original draft. RB and JL: Sequencing analysis of tumor tissue and normal 
controls. MM: CNA analysis of ctDNA. SC: Methodology and statistical analysis. JE: Patient recruitment, review 
and editing of original draft. MH: Supervision of the ctDNA analyses. KL: Supervision, conception and design, 
funding acquisition, review and editing of original draft. DG: Supervision, conception and design, funding ac-
quisition, review and editing of original draft. KJ: Supervision, conception and design, statistical analysis, fund-
ing acquisition, review and editing of original draft. All authors read and approved the final manuscript.

Funding
Open access funding provided by Lund University. This work has been generously supported by grants from the 
Swedish Research Council (grant number 2015-03598 and 2018-02441 to KJ), the Swedish Cancer Society (grant 
number CAN 2018/418 and 21 1596 Pj to KJ), the Sjöberg Foundation (KJ, KLe, DG), the Lennart Glans Foun-
dation (KJ), BioCARE (KJ, KLe, DG), the Mrs Berta Kamprad Foundation (KJ), the Ingrid and Sverker Persson 
Foundation (KJ), the Faculty of Medicine, Lund University (KJ), Governmental Funding of Clinical Research 
(ALF, KJ), and Skåne University Hospital Donations and Funds (KJ). The funders of this study had no role in the 
study design, data collection, analysis, interpretation or writing of the manuscript.

Declarations

Competing interests
Karin Leandersson has received honoraria from Cantargia AB outside this work. The other authors declare no 
conflict of interest.

Additional information
Supplementary Information The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​3​8​/​s​4​1​5​9​8​-​0​2​5​-​2​2​3​6​9​-​5​​​​​.​​

Correspondence and requests for materials should be addressed to K.J.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025 

Scientific Reports |        (2025) 15:34481 17| https://doi.org/10.1038/s41598-025-22369-5

www.nature.com/scientificreports/

https://doi.org/10.1038/s41598-025-22369-5
https://doi.org/10.1038/s41598-025-22369-5
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Reliable on-treatment prognostication and target identification with a customized assay for circulating tumor DNA in patients with newly diagnosed pancreatic cancer
	﻿Methods
	﻿Study cohort
	﻿Ethics declaration
	﻿Blood sampling
	﻿Tumor tissue sampling and DNA extraction
	﻿Extraction of genomic DNA for germline controls
	﻿Cell-free DNA isolation from plasma
	﻿Genomic DNA library preparation and sequencing
	﻿Sequencing raw data analysis of tumor tissue and matched blood normal
	﻿Somatic variant calling in tumor tissue
	﻿Germline variant calling
	﻿Copy number alterations
	﻿Customized ctDNA design – the CHAMP panel
	﻿Cell-free DNA library preparation and sequencing
	﻿Ultra-deep sequencing raw data analysis
	﻿ctDNA variant calling
	﻿Copy number analysis of cfDNA
	﻿Calculations of ctDNA fraction and absolute tumor burden
	﻿Pilot experiment
	﻿Statistics

	﻿Results
	﻿Sample overview, patient demography and ctDNA status
	﻿Distribution and clinicopathological correlates of ctDNA levels and identification of a robust prognostic cutoff in palliative patients
	﻿CtDNA trajectories during chemotherapy and their relationship to the disease dynamics
	﻿The mutational landscape of ctDNA captures and complements tumor tissue analyses and holds potential as a tool for precision medicine
	﻿Copy number profiles in ctDNA align well with matched tumor tissue and provide additional information on the temporal genetic heterogeneity during chemotherapy

	﻿Discussion
	﻿References


