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patients
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Pancreatic ductal adenocarcinomas (PDAC) are among the most fatal cancers,
in part due to frequent detection at advanced stages. Endoscopic ultrasound-
guided fine-needle aspiration (EUS-FNA), the most sensitive diagnostic
method of PDAC in current standard clinical practice, is invasive, costly, with
access limited to major healthcare settings. Here, we present a non-invasive
evaluation of plasma cell-free RNA (cfRNA) for PDAC detection in pre-
diagnostic high-risk and de novo symptomatic patients presenting for EUS-
FNA. We develop a cfRNA normalization method to account for preanalytical
variation and handling effects and derive 29 potential cfRNA biomarkers for
PDAC diagnosis using 153 samples collected prior to the EUS procedure. Bio-
markers related to liver function are elevated in PDACsamples, including early-
stage patients without liver metastasis. Classification of PDAC using these
biomarkers is validated using an independent cohort of 95 samples. Our
findings could help to improve diagnostic utility in high-risk and symptomatic
individuals.

Pancreatic Ductal Adenocarcinoma (PDAC) is the most common form
of pancreatic cancer, and is one of the most lethal malignancies,
leading to the 4th most common cancer deaths worldwide1. Due to a
lack of early-stage symptoms, most patients are not diagnosed until
the later stages of the disease, where the outcome is very poor2. Given
the lack of early symptoms and low incidence of PDAC, the United
States Preventive Services Task Force does not recommend screening
in asymptomatic patients3. Despite the challenges of diagnosing PDAC

at early stages, clinicians frequently opt to use the FDA-approved
serum blood test for the Carbohydrate Antigen 19-9 (CA19-9), but it,
unfortunately, lacks the necessary sensitivity and positive predictive
value (PPV) for diagnostic use4. Thus, there remains a need for accu-
rate, reproducible biomarkers that can aid early diagnosis of PDAC in
high-risk and clinically indicated populations5,6.

Endoscopic ultrasound-guided (EUS) fine-needle aspiration (FNA)
is currently among the most sensitive method in the diagnosis and
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management of PDAC7–9. EUS is a nonoperative approach for the
detection of pancreatic lesions that warrant further investigation;
typical applications are in high-risk patients with a family history of
PDACor hereditary cancer syndromes, aswell as symptomaticpatients
with clinical presentation suspicious for PDAC where findings from
other imaging modalities such as computed tomography and mag-
netic resonance imaging are inconclusive. Additionally, EUS can iden-
tify small tumors that are not evident by other imaging modalities8.
Despite its advantages, EUS-FNA is an expensive and invasive proce-
dure that requires highly skilled operators and is not readily available
outside major healthcare centers. Furthermore, in many cases, it may
not provide a definite diagnosis. For example, EUSmay fail to identify a
true pancreatic mass in patients with chronic pancreatitis, a diffusely
infiltrating carcinoma, a prominent ventral/dorsal split, or a recent
episode of acute pancreatitis7. For these reasons, there is an unmet
need to have a noninvasive molecular measurement using easily
accessible specimens to identify individuals where the EUS-FNA pro-
cedure is indicated and improve its diagnostic utility.

Liquid biopsy, the analysis of analytes in easily accessible bio-
fluids, represents an emerging approach for disease identification and
monitoring across many disease types10,11. For example, extracellular
vesicle surface markers and their cargos, epigenetic profiling of cell-
free DNA, and micro and long cfRNA all have been shown to dis-
criminate disease states12–15. We and others have previously reported
the efficacy of blood-based cfRNA biomarkers in obstetrics, trans-
plantation, neurodegeneration, chronic diseases, and oncology16–23.
However, prior liquid biopsy studies in PDAC were performed with
cross-sectional case-control designs using blood samples collected
from PDAC patients with confirmed clinical diagnoses12–14,24–33. The
utility of these findings in a pre-diagnostic clinical setting34 remains to
be confirmed. Furthermore, to our knowledge, no existing liquid
biopsy method can distinguish PDAC from intermediary pathologic
conditions that complicate the diagnosis of PDAC, such as biliary
stricture, benign pancreatic cysts, pancreatitis, and intraductal papil-
larymucinous neoplasm (IPMN) in patients with a clinical presentation
suspicious of high-risk for PDAC.

In this study, we sequence the cell-free plasma transcriptome of a
group of high-risk and clinically indicated patients who had been
referred for an EUS-FNA procedure. This pre-diagnosis sampling
approach ensures a representative subset of the high-risk patient pool
who would most benefit from a pre-diagnostic screening test to
determinewhether an invasive EUS-FNA is justified.We identify a set of
29 biomarkers predictive of PDAC vs benign and intermediate
pathologies of the pancreas and use these biomarkers to trainmachine
learning classifiers topredict PDACstatus fromsequencedplasma.Our
classifier maintains high performance on an external validation set of
high-risk patients presenting for EUS, with AUC of 0.896. These results
indicate the potential of cf-mRNA biomarkers as an accessible and
noninvasive alternative for the prediction and monitoring of PDAC.

Results
Study design and patient characteristics
We recruited patients with clinical indications being referred by phy-
sicians as a standard of care procedure to the EUS clinic at Oregon
Health and Science University (OHSU). EUS indications included
patients previously identified as high risk for pancreatic cancer due to
genetic background, family history, physical symptoms associated
with a pancreatic disease, pancreatitis, pancreatic cyst, and indefinite
pancreatic mass or gastric mass shown by other imaging modalities
(Supplementary Data Table 1). Blood samples were drawn before EUS
screening, obviating the release of tissue material and immune reac-
tions due to EUS-FNA potentially influencing results. Drawing blood
before the procedure also controlled for lifestyle changes, as well as
anxiety and stress that can change serum markers due to a cancer
diagnosis. Abnormal imaging observations during the EUS procedure

resulted in a FNA to collect specimens for pathology review. Final
diagnosis categories included benign pancreas, acute pancreatitis,
chronic pancreatitis, IPMN, islet cell tumor, PDAC, or other cancer
(Fig. 1). The benign pancreas group included patients with various
diseases and benign conditions such as no mass lesion detected, bile
duct stones, pancreatic cysts, benign reactive changes, and others.

Two separate cohorts of samples were used for the study (Table 1):
153 samples were collected by Cancer Early Detection Advanced
Research Center (CEDAR) between 2019 and 2021 (CEDAR cohort to be
used for discovery and model training) and 95 samples were collected
by Brenden–Colson Center for Pancreatic Care (BCC) between 2017 and
2019 (BCC cohort to be used for independent validation) at OHSU. The
CEDAR discovery cohort included 48 benign pancreas, 59 acute or
chronic pancreatitis, 16 IPMN, 3 islet cell tumor, 20 PDAC, and 7 other
cancers. The independent BCC validation cohort was composed of 23
benign pancreas, 23 pancreatitis, 11 IPMN, 6 islet cell tumors, 21 PDAC,
and 11 other cancers. There were no statistically significant differences
between the compositions of the sample sets (Table 1). In the PDAC
groups, there were more males than females and the age range was
higher than patients with other diagnoses (P<0.001, fisher exact test).

Identification of intrinsic plasma cfRNA factors and developing
cfRNA normalization method
We and others previously found that the composition of extracellular
RNA in plasma, including cell-free coding and noncoding RNA,
depends on sample handling and processing conditions35–39. Platelet
activation and lysis, in particular, is amajor source of ex vivo release of
RNA into the cfRNA compartment35. Therefore, we sought to develop a
cell-free RNA-specific method for normalization as an internal control
for technical variability.We hypothesize that the level of each gene in a
cfRNA plasma sample is a combination of the default levels present in
the bloodstream at the time of sample collection (the intrinsic factor),
and that released from platelets and other blood cellular components
due to collection and handling procedures (extrinsic factor). Some
genes, such as those expressed by platelets, will be heavily influenced
by the extrinsic factor and show a greater variance across sample
handling conditions, while others will be more dependent on the
intrinsic factor and thusmore stable in their apparent level. To correct
for handling variations from influencing sequencing read depth nor-
malization, we created a cfRNA normalization (cf-normalization)
method to balance the expected intrinsic and extrinsic gene con-
tributions in each sample.

To inform the creation of the normalization procedure, we gen-
erated cfRNA sequencing data for plasma samples from ten healthy
individuals. Each blood draw was processed with seven different pro-
cessing conditions by varying tube types, storage time, and centrifuge
settings with single or double spins (Supplementary Table S1 and
Supplementary Fig. S1). We then fitted the resulting count table to a
nonnegative matrix factorization (NMF) model to identify the intrinsic
and extrinsic contributions from this data set (Fig. 2a). NMF allows us
to decompose the gene by samplematrix into a composition of factors
across those genes, in this case representing the cfRNAamount of each
sample as a weighted mixture of the true (intrinsic) signal and the
processing (extrinsic) based signal. As expected, unsupervised NMF
modeling resulted in a high extrinsic coefficient for platelet genes
(Supplementary Table S2). We use these factors learned in healthy
plasma data to decompose our training and validation data into the
expected intrinsic and extrinsic contributions from each gene in each
sample. The intrinsic and extrinsic count tables are then normalized
for total sample counts separately, before being recombined into the
normalized cfRNA (cf-normalized) count table. This not only nor-
malizes the library size for each sample, but also sets the predicted
total contribution to library size by intrinsic and extrinsic contribu-
tions to be the same for each sample (Fig. 2b).We include anadditional
normalization using the trimmed mean of M values (TMM) to further
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reduce the effects of gene specific read depth variation from
sequencing40.

Identification and biological significance of cfRNA biomarkers
distinguishing PDAC from intermediary pathologic conditions
We isolated and sequenced cfRNA from plasma specimens to identify
potential cfRNA biomarkers and build classification models. Both the
discovery CEDAR cohort and the validation BCC cohort were sequenced
to saturation (Supplementary Fig. S2). After selecting reads thatmapped
uniquely to the human genome and deduplication, the cfRNA libraries
had an average read depth of 1,069,874. A total of 40,279 annotated
features were detected with at least 1 mapped read across all samples.
The majority of detected RNAs were protein-coding with a mean frac-
tion of 91.2% (Supplementary Table S3 and Supplementary Fig. S3).

After normalization using themethoddetailed above, weused the
CEDAR cohort for biomarker discovery. We used aWilcoxon rank sum
test to identify differentially expressed (DE) genes in PDAC samples,
scored by False Discovery Rate (FDR) corrected P value. A cutoff of
0.05 produced 29 cfRNA biomarker candidates that were DE in PDAC
compared to all other diagnoses (Supplementary Figs. S4–6).

Comparing the relative expression across tissue types in the
Human Protein Atlas, we found that our cfRNA biomarker candidates
were highly expressed in the liver, lymph node, pancreas, and other
immune-related tissues such as bone marrow, tonsil, and spleen
(Fig. 3a). Of note, the most common sites of metastasis for PDAC
patients in the CEDAR dataset were the liver and lymph nodes (6 and 4

samples, respectively, out of 20). Liver expression, while also being the
highest overall, contained a unique combination of the DE genes
without enrichment in other highly expressed tissues, notably SER-
PINA1, ACOT12, CRP, and AFMID. All four of these genes were upregu-
lated in PDAC samples within both the discovery cohort and the
validation cohort (Supplementary Figs. S5 and 6). Conversely, the
genes associated with the top immune-related tissues (RPS4X, RPS13,
RPS14, CD37, MS4A1, TNFRSF13C, PAX5, FAM117A) were all down-
regulated in PDAC samples for both datasets. This corresponds with
previous observations that PDAC has very low levels of infiltrating
immune cells41–43.

To further dissect the sources of the potential PDAC cfRNA bio-
markers, we performed deconvolution of the DE genes using nu-
support vector regression, with a signaturematrix constructed from the
Human Protein Atlas tissue RNA values. This deconvolution estimates
the DE gene level of each sample as a combination of tissue types from
the atlas, identifying which tissues are the most likely sources of the
observed gene level. Samples from both data sets were deconvolved
over the 256 tissue types in the atlas. Basedon the average relative tissue
proportions predicted by deconvolution, we saw that the liver had over
3 times the contribution in PDAC patients as in all other samples, con-
sistently marking it as a likely contributor of potential up-regulated
biomarkers (Fig. 3b). A similar analysis on a subset of PDAC patients at
early stages, and on PDAC patients who did not have clinically detected
livermetastasis showed a similarly high presence of liver contribution to
cfRNA composition (Fig. 3b). Deconvolution of the two cohorts sepa-
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Fig. 1 | Overview of the study design. a High-risk and symptomatic patients who
were referred to an EUS procedure were recruited. Blood draws were performed
before the procedure. The final annotation by a board-certified physician on the
team, based on a full charge review after more than 1 year from blood collection,
categorizes patients into 5 groups: benign pancreas, pancreatitis, IPMN, PDAC, and

other cancers. b cfRNA sequencing preparations were performed with randomized
samples in a blinded manner at the time of sample processing. c Patient compo-
sition of the CEDAR (discovery) and BCC (validation) cohorts. Figure created using
BioRender (https://biorender.com).
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Table 1 | Patients’ characteristics

CEDAR discovery and training cohort (n = 153) BCC validation cohort (n = 95)

Benign pancreas Pancreatitis IPMN PDAC Cancer other Benign pancreas Pancreatitis IPMN PDAC Cancer other

N 48 59 16 20 10 23 23 11 21 17

Sex p < 0.001

Female 23 22 11 1 7 15 6 8 4 6

Male 25 37 5 19 3 8 17 3 17 11

Race p = 0.275

White, non hispanic 45 52 16 18 6 22 22 11 20 17

Non white OR hispanic 3 7 0 2 4 1 1 0 1 0

Age, years p <0.001

Median 57.5 58 67 70 55.5 58 55 67 72 75

Range 25–82 25–77 32–83 50–83 27–73 30–81 34–78 42–83 58–85 39–86

PDAC stage

1 5 4

2 2 3

3 5 9

4 8 5

a

Raw Reads cf−Normalization cf−Normalization + TMM

0e+00

2e+06

4e+06

6e+06

Sample

To
ta

l C
ou

nt
s Contribution

Intrinsic

Extrinsic

b

Fig. 2 | Identificationof intrinsic and extrinsic cfRNA factors using nonnegative
matrix factorization. a Representation of the identification of gene factors and
underlying gene count model. A cfRNA dataset of 70 samples from 10 healthy
donors was collected, with samples from each donor undergoing seven different
handling conditions involving tube type, storage time, and centrifuge setting var-
iations before plasma extraction and sequencing. Nonnegativematrix factorization
was performed on the gene countmatrix of the dataset to identify the intrinsic and

extrinsic factors for each gene. b Expected intrinsic and extrinsic contributions of
total gene counts for CEDAR and BCC samples, based on NMF factors. cfRNA
normalization balances these contributions across samples (middle panel), while
TMM normalization (right panel) adjusts for sample and gene outliers. a created
using BioRender (https://biorender.com).
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rately produced largely the same results, except for a lower liver sig-
nature in the seven early stage PDAC patients in the BCC cohort (Sup-
plementary Fig. S7). This observation indicates that the liver may be
involved early during PDAC carcinogenesis and progression, potentially
by circulating factors from the PDAC44–46.

Distinguishing PDAC frombenign and intermediary pathologies
of the pancreas and other cancers by cfRNA PDAC score
We trained a machine learning model on the normalized CEDAR data
set to classify patients with PDAC diagnosis. The workflow of our
machine learning pipeline and tuning results are detailed in the sup-
plemental material (Supplementary Fig. S8). The model was trained
only on the discovered DE gene set and our classifier was tasked with
identifying a binary classification of “PDAC” and “Not PDAC”. To
address the large imbalance between these two classes in the data, we
used the SMOTE interpolation method47 to create 100 synthetic PDAC
samples for training. We then used 10-fold cross-validation of the
CEDAR cohort to select the best-performing classifier, leaving 1-fold
(10% of samples) out for validation each iteration while training on the
other 9. Random forest (RF) demonstrated better results than support
vector machine (SVM) and linear discriminant analysis (LDA) (Sup-
plementary Table S4). A second round of cross-validation was then
used to tune the parameters of the RF classifier, with the best para-
meter settings used to evaluate the performance in the training and
independent validation data (Supplementary Fig. S9).

Next, we used the trained classifier to predict the probability of a
sample having a diagnosis of PDAC, which we called the PDAC score.
Evaluation of performance in the training data was assessed using 10-
fold cross-validation, allowing each sample to have a PDAC score
assigned while in the validation set. This setup was repeated for three
different experiments. In the first experiment, we only included sam-
ples with PDAC and benign diagnosis. The second experiment inclu-
ded pancreatitis and IPMN samples, while the third used all available
samples. We also assessed cross-validation performance on different
sample populations for each experiment, separating performance
based on sex and age. For age comparison, we evaluated a binary split

of patients younger or older than 66. This cutoff value provided the
optimal age balance between PDAC and non-PDAC diagnoses, ensur-
ing each age split contained at least 30% of the samples for both
categories. We computed the PDAC score for each sample in these
three experiments, which was used to calculate the ROC curve for
predicting PDAC vs. Not PDAC (Fig. 4).

In each setting, the classifier was able to learn an accurate differ-
entiation of PDAC samples from all others, even when intermediate
pancreas pathologies and other cancer types were included. Differ-
entiating PDAC from benign, other intermediary pathologies of the
pancreas, and all other diagnoses yielded an area under the curve
(AUC) of 0.945, 0.965, and 0.956, respectively, without notable bias
towards age or sex. These results demonstrate the predictive potential
of cfRNA biomarkers in this setting and warrant further investigation
into their performance on other data sets.

Validation of PDAC cfRNAbiomarkers in an independent cohort
To validate the performance of our cfRNA biomarker set, we used the
BCC cohort, which was independently collected with a similar patient
recruitment and specimen collection workflow as the CEDAR cohort.
Using the PDAC classifier, which was trained separately on the entire
CEDAR cohort, we evaluated three model settings of PDAC vs. Benign,
PDAC vs. non-cancer samples, and PDAC vs all other diagnoses, fil-
tering samples in each dataset to match the model groups. Both
training and validation cohorts were normalized using our cf-
normalization procedure and filtered to the DE gene set identified in
the CEDAR cohort. Consistent with the previous finding, PDAC sam-
ples strongly separated fromother diagnoses in all 3model settings for
the independent BCC validation cohort (Fig. 5). The cfRNA classifier
was validated in the BCC cohort with an AUC of 0.904, 0.937, and
0.896 when differentiating PDAC from benign, other intermediary
pathologies of the pancreas, and all other diagnoses, respectively. This
performance was largely stable when splitting the samples by sex and
age (Fig. 5b, c).

The consistently strong classifier performance on the external
validation cohort is due in large part to our normalization procedure
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Fig. 3 | Deconvolution of tissue contribution to PDAC cfRNA biomarker levels
in plasma. a Z-score normalized expression for DE genes in top tissues, sorted by
total count. Average tissue RNA count values were taken from the Human Protein
Atlas version 22.0. DE genes not present in tissue atlas data are omitted (5 total).
b Relative comparison of tissue proportions predicted from nu-SVR deconvolution
of DE genes in PDAC and all other samples. Tissue proportions from deconvolution

are averaged over PDAC and other groups and normalized to sum to 1. Three
deconvolutions were performed: using all PDAC samples, PDAC samples without
liver metastasis, and stage 1 and 2 PDAC samples. Relative contributions above the
0.50 line indicate elevated tissue proportions in PDAC samples compared to all
other diagnoses.

Article https://doi.org/10.1038/s41467-025-62685-y

Nature Communications |         (2025) 16:7345 5

www.nature.com/naturecommunications


and adding synthetic SMOTE samples (Supplementary Figs. S10 and 11).
Replicating this experimental workflow using standard TPM normal-
ization resulted in lower training set performance (0.916 AUC) and a
sharpdrop off in predictive powerwhen applied to the validation cohort
(0.682 AUC) (Supplementary Figs. S12 and 13), as did using TMM nor-
malization without our cf-normalization procedure (Supplementary
Figs. S14 and 15). Our classification results not only indicate the potential
power of cfRNA biomarkers as a tool to aid in diagnosis but also the
importance of adjusting for processing effects in cell-free samples to
enhance their predictive power. In summary, these results confirm the
diagnostic potential of 29 cfRNA biomarkers with cf-normalization to
detect PDAC in clinically indicated patients suspicious of PDAC before
referral to the EUS-FNA procedure.

We additionally performed the same classification analysis after
removing PDAC samples with liver metastasis from both the training
and validation cohorts (Supplementary Figs. S16 and 17). In this setting,
our cfRNA biomarkers were able to accurately separate PDAC without
liver metastasis from other diagnoses with an AUC of 0.840 or better.
Even though many of our biomarkers show significant enrichment in
genes associated with the liver, they can still be an accurate identifica-
tion of PDAC for patients without clinically diagnosed liver metastasis.

The RNA sequencing reads in both cohorts showed a variability of
exon fraction. We performed an additional version of our classification
pipeline after filtering any samples with an exon fraction lower than 0.6
(Supplementary Fig. S18 and Supplementary Table S5). While this analysis
version with an exon filter produced a larger number of DE genes, 41
compared to theoriginal 29, themajority of these (25)were the same, and
there was no significant change in the classification AUC. For this reason,
we do not filter samples by exon fraction in the remainder of the analysis.

cfRNA classifier outperformed the CA19-9 biomarker
Clinical measurements of serum CA19-9 levels were available for
126 of 153 samples in the CEDAR set and 86 of 95 samples in the
BCC set. We assessed the accuracy of our cfRNA PDAC classifier
compared to CA19-9 by itself, and with CA19-9 included as an
additional covariate in the model. We show here the CA19-9 levels
by diagnosis in each cohort, with a dashed line indicating the
clinical cutoff value of 37 (Fig. 6a, b). Clinical measurements of
CA19-9 showed an encouraging negative predictive value (NPV) of
0.942 and 0.935 but a poor PPV of 0.364 and 0.417 in CEDAR and
BCC sample cohorts, respectively. By comparison, our predicted
PDAC score had PPV values of 0.857 and 0.531 on the CEDAR and
BCC cohorts, when NPV is set to the same levels as in CA19-9
(Supplementary Figs. S19 and 20). We additionally compared the
performance of our classifier using feature sets of just CA19-9,
our discovered cfRNA biomarker genes, and a combination of
cfRNA biomarker genes with CA19-9. In this setting, we did not
use the clinical cutoff for CA19-9, instead allowing the classifier to
learn a cutoff from the training data. Our cfRNA classifier out-
performed CA19-9 with both cross-validation in the CEDAR sam-
ple cohort and independent validation in the BCC cohort (Fig. 6c,
d). This difference was statistically significant in experiments that
included intermediate pathologies and other cancers (P < 0.05,
Delong’s AUC comparison test). The combination of CA19-9 with
cfRNA did not improve the classification accuracy of cfRNA sig-
nificantly (Fig. 6c, d). This may be due to several of the DE genes
being correlated with CA19-9 levels in both cohorts (SERPINA1,
RAB13, and CRP, Spearman correlations of 0.462, 0.363, and
0.306, respectively).
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Fig. 4 | Classification model differentiating PDAC from other diagnoses cross-
validated in CEDAR cohort. a PDAC score assigned to each sample in cross-vali-
dation, separated by diagnosis group (sample size noted underneath each group).
Each row is a different experiment, with the first comparing only PDAC and Benign,
PDAC and intermediate pathologies in the second row, and all conditions in the

bottom row. Boxplots display the 25th, 50th, and 75th percentiles of groups, with
whiskers extending up to 1.5 times beyond inter-quartile range. b, c ROC plots
based on PDAC score, and associated AUC values, for each analysis condition.
Additional ROC plots are shown for stratification of patients by sex (b) and age (c).
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Stage dependence of cfRNAPDAC score and survival correlation
We obtained follow-up data for the PDAC patients in both cohorts,
indicating their survival anddisease state at the timeof follow-up. Follow-
up dates were inconsistent between patients and limited for some, but
provided an indication of the short-term outcome for each patient.

We computed Kaplan-Meier curves for each dataset, using our
predicted PDAC score to separate patients into high and low-risk
groups. We used the 50th percentile of scores for PDAC patients in
each dataset as the cutoff mark for these two groups, creating group
sizes of 10 and 10 for CEDAR patients, and 10 and 11 for BCC patients.
While the differences in these curves were not significant for either
cohort, unsurprising given the small sample sizes, we did observe a
notable correlation of PDAC score with survival in the CEDAR cohort,
and a correlation of the PDAC score with disease stage in the BCC
cohort (Supplementary Fig. S21).

We additionally computed Cox proportional hazard models for
each analysis group, combining the two cohorts to improve power. In
thesemodelsweusedPDACscore (as computed in each analysis setting),
sex, age, andPDACstage as variables for thepredictionof survival time in
PDAC patients. Notably, in these models, we found that PDAC score is a
stronger prediction of outcome than patient age (Supplementary
Table S6), though disease stage is the most significant predictor.

Discussion
Liquid biopsy has emerged as a promising approach in cancer
screening and diagnosis in the last decade48. However, most previous
studies into the potential of blood-basedmethods for the detection of
PDAC used a case-control design with sample collection from patients
after a confirmed diagnosis12–14,24–32. The invasive diagnostic proce-
dures with needle biopsy may induce the dissemination of potential

biomarkers into the blood, which may not be present or at low levels
before diagnosis49,50 In addition, lifestyle changes, as well as stress
from thediagnosis of cancer in patientswith a different confirmedfinal
diagnosis, may alter the composition of blood analytes51,52. This may
partly explain the significant drop in the performance of blood tests in
clinical trials compared to the discovery phase in previous studies. In
this study, blood was drawn before the EUS screening in high-risk and
clinically indicated patients whose diagnoses were not confirmed. This
presents a realistic sampling approach where patients are more likely
to have shared background conditions or reasons for undergoing
screening. Further, it is the most appropriate patient set to identify
patients where EUS is most likely to demonstrate utility.

To date, the validity of blood biomarkers in a clinical setting in
which high-risk and de novo symptomatic patients are indicated for
screening and definitive diagnosis of pancreatic diseases is under-
developed. Previously established biomarkers, such as CA19-9, lack
sufficient power to reliably distinguish cancers from intermediate
pathologies53,54. Our newly identified cfRNA biomarkers can differ-
entiate PDAC from intermediary pathologies of the pancreas, includ-
ing all diverse diagnoses such as benign conditions of the pancreas,
chronic and acute pancreatitis, IPMN, and other cancer types. These
biomarkers offer a significant improvement in identifying PDAC
compared to CA19-9 at the clinical cutoff level.

The 29 cfRNA biomarkers we identified in this study are highly
expressed in the liver, lymph node, pancreas, and other immune-related
tissues (bone marrow, tonsil, spleen). The level of liver cfRNA bio-
markers is elevated while immune-related genes are lower in PDAC.
Deconvolution of the global cell-free transcriptome to tissue contribu-
tion also confirms a three-fold increase in liver contribution in PDAC
patients compared to all others. Note that only a fraction of PDAC
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Fig. 5 | Independent validationof thePDACcfRNAclassifier in the separateBCC
cohort. a PDAC score assigned to each sample in the validation set, separated by
diagnosis group (sample size noted underneath each group). Each row is a different
experiment, with the first comparing only PDAC and Benign, PDAC and inter-
mediate pathologies in the second row, and all conditions in the bottom row.

Boxplots display the 25th, 50th, and 75th percentiles of groups, with whiskers
extending up to 1.5 times beyond inter-quartile range. b, c ROC plots based on
PDAC score, and associated AUC values, for each analysis condition. Additional
ROC plots are shown for stratification of patients by sex (b) and age (c).
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patients had liver metastasis at the time of blood draw, and the relative
liver contribution of PDAC samples remains high when these patients
are omitted. The involvement of the liver as one of the top tissues
contributing to cfRNA biomarkers in PDAC may indicate the early
remodeling of the liver in the early progression of PDAC, as indicated in
previous mouse studies44–46. This finding prompts the need for further
investigation into the mechanism of pancreas-liver communication and
themodulation of biomarker secretion from these two organs andother
tissues in PDAC without detectable liver metastasis.

Having internal controls to account for technical variability is
crucial for measurement reproducibility and eliminating batch effects.
Previous efforts in normalization and batch correction for RNA
sequencing for cellular RNA40 are unlikely to be effective for cfRNA in
the blood due to the variation in ex vivo generation of cfRNA from
platelets and other blood cellular components35. Here, we developed a
normalization method specifically for cfRNA that can be used to
account for technical variations throughout the whole process from
blood handling, storage, processing, and sequencing. Please note that
these various processing conditions were only used to identify the
intrinsic and extrinsic factors for developing the normalization
method. The processing condition for actual patient blood collection
was uniform without extended delay as described in the method sec-
tion. The consistently strong classifier performance on the external
validation set is due in large part to our cf-normalization. The method

is applicable to general analyses of extracellular RNA in the blood for
not only PDAC but also for other disease conditions.

Predictive machine learning models are an increasingly common
tool for analyzing biomarker potential, but the rarity of many pathol-
ogies means that class imbalance is a critical problem to address in
their use in diseases such as pancreatic cancer. In settings where dis-
ease samples only account for a small percentage of the total data,
optimizationmethodsmay ignore the disease class altogether in order
to achieve a high overall accuracy. General solutions to this issue
include adjusting the misclassification cost used to train specific
algorithms55, under-sampling majority classes56,57, or creating syn-
thetic/repeated samples ofminority classes. We opted to use the latter
approach in order to maintain usability on more general classifier
types and to not lose potential signals by excluding samples. The
SMOTE method of creating synthetic minority samples randomly
generates new samples such that they lie between two neighboring
minority samples in the feature space. This ensures that (1) synthetic
samples are bounded by real samples in termsof their features, and (2)
the relative shape of the minority class in feature space is preserved
when including the synthetic samples. These properties help to ensure
that the learned classifier is driven by the properties of the real bio-
logical samples, rather than random artifacts introduced from syn-
thetic samples. Using SMOTE helped to improve the separation of
PDAC samples from all others in our classification, improving the AUC.
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Fig. 6 | Comparison of cfRNA classifier with CA19-9 measurement. Measured
CA19-9 levels in CEDAR (a) and BCC (b) cohorts. The clinical cutoff value of
37 shown as a dotted line, is used to calculate PPV and NPV for the detection of
PDAC. Number of available samples with CA19-9 measurements is shown in par-
entheses. Boxplots display the 25th, 50th, and 75th percentiles of groups, with
whiskers extending up to 1.5 times beyond inter-quartile range. Classifier results

using CA19-9, discovered gene set, and discovered gene set plus CA19-9 in CEDAR
cross-validation (c) andBCC independent validation (d). *indicateswhenAUCusing
DE genes is significantly better than just CA19-9 (P <0.05, two-sided Delong’s
hypothesis test). P values for c (top to bottom) are 0.175, 0.0047, 0.0039. P values
for d (top to bottom) are 0.0895, 0.0177, 0.0424.
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The robustness of the approach can be seen in themodel performance
when translated to the external validation cohort.

It is important to note a significant limitation of our study regarding
the small sample size. The number of cases in the discovery and vali-
dation sets were 20 and 21, respectively. Due to the nature of disease
heterogeneity, the control group included a small patient number with
various diagnostic outcomes. For this study, we focused only on pre-
diagnosis blood draws only, limiting the study population to patients
referred for the EUS procedure. This study design may introduce bias
toward patients with EUS indications. In clinical practice, many patients
with pancreatitis and IPMN may not require EUS. Whether the cfRNA
approached reported in the current study is applicable for this patient
population remains to be explored in future studies.

Further development is needed before fully evaluating the utility
of cfRNA to combine with EUS-FNA screening for PDAC diagnosis. Our
result demonstrated diagnostic performance of the cfRNA classifier in
differentiating PDAC from various groups of controls with inter-
mediary pathologic and benign conditions of the pancreas. However,
the cfRNA classifier presented here needs further development to be
used as a method to determine the need for either EUS or EUS-FNA.
Technically, a targeted assay to capture the biomarkers with high
efficiencymay give better sensitivity aswell as decreased cost and time
compared to whole transcriptome sequencing. The sensitivity for
detecting PDAC at early stages and false negative calls needs to be
established in large-scale clinical settings. Combining plasma cell-free
biomarkers with other blood analytes, such as serum protein bio-
markers, nucleic-acid-based biomarkers, protease assays, and extra-
cellular vesicle cargoes, should be considered to improve sensitivity
and specificity as well as the utility of the approach.

Methods
Patient recruitment and specimen collection
Our research complies with all relevant ethical regulations approved by
the Institutional Review Board at OHSU with the IRB study number
3609. Informed consent was obtained from all subjects. All methods
were carried out in accordance with relevant guidelines and regulations.

We recruited patients who were referred to the EUS procedure at
OHSU for this study. Inclusion criteria include patients with hereditary
high risk, undergoing surveillance for pancreatic cancer, OR patients
with a history of chronic pancreatitis or other gastric conditions, OR
patients with obstructive pancreatic or biliary symptoms. Exclusion
criteria include patients unable to provide consent. Blood samples
were collected after consenting andbefore any imaging anddiagnostic
procedure. Blood specimens were collected in EDTA tube before the
clinical procedure. We do not control for time of blood draw and
fasting status other than what was required by the standard clinical
visit. TheCEDARcohort includes patients recruitedbyCEDARbetween
2019 and 2021. BCC cohort includes patients recruited by the BCC
between 2017 and 2019. All the samples were collected and banked by
BCC and CEDAR. Banked samples were released to multiple studies.
Upon our request, samples with sufficient plasma volume were
released to perform this study.

Sample preparation
Patient plasma (2mL) was processed from whole blood by centrifuga-
tion twice; first at 1000× g for 10min, then the supernatant plasma was
removed and spun at 2500× g for 10min at room temperature. Plasma
aliquots were frozen and stored at −80 °C until we began RNA proces-
sing, which took place in batches of eight in a randomized order for
each cohort. We purified RNA from these plasma samples using a
Plasma/Serum RNA purification kit available commercially from Norgen
Biotek (ref. 42800). The RNA elution volume is 100μL.

Genomic DNA was removed from the resulting RNA with Lucigen
Baseline-ZERO Dnase I (ref. DB0715K) in a 20min incubation. The RNA
was then further purified using a commercially available RNA Clean

and Concentrator kit from Zymo Research (ref. R1016), and aliquoted
to be stored at −80 °C. The final RNA elution volume is 20μL.

Library preparation and sequencing
We prepared sequencing libraries from 5 µl purified RNA for each
sample using the Takara SMARTer Stranded Total RNA-seq kit v2- Pico
Input Mammalian formulation (ref. 634413) according to the manu-
facturer’s instructions.We used option 2 during the library processing,
without fragmentation. During the adapter addition step, we used the
Takara SMARTer RNA Unique Dual Index kit -96U (ref. 634452) to
append a unique index to each 5‘ and 3‘ read to aid in distinguishing
samples. The final PCR amplification of the RNA-seq libraries used 16
cycles, and libraries were eluted into 20 µl Tris buffer and stored at
−20 °C before sequencing.

We randomized all samples for RNA extraction, library prepara-
tion and sequencing. All samples have a unique index andwere pooled
and randomly assigned to the same sequencing lanes. We control and
measure the concentration of the libraries by bioanalyzer and qbit.
Samples were again controlled by the sequencing services using Tape
Station and qPCR before loading to the sequencer according to the
standard operating procedure at the sequencing facility. Samples were
sequenced at 100 million 75 or 150 bp paired-end read depth using a
Novaseq 6000 sequencer, and processed on a computation cluster.
We trimmed adapter sequences using sickle (ver 1.33) and ran an initial
quality check with FastQC (ver 0.11.7). We then aligned each sample to
hg38 using STAR (ver 2.5.3) and removed duplicate reads using Picard
(ver 1.119), followed by generating read counts for each gene using
htseq-count (ver 0.11.2).

Intrinsic and extrinsic factor identification
Let gi, j be the observed level for gene i in sample j, I be the intrinsic
factor for all genes, and E be the extrinsic factor. We use the model
gi, j =αj Ii + ð1� αjÞEi where αj controls the percentage of the total level
due to each factor in each sample. In matrix notation, for a collection
of n samples over p genes, we can writeG½p×n� =F½p × 2�A½2 ×n� whereG is
the gene level, F the intrinsic and extrinsic factors, and A the con-
catenation of αj and ð1� αjÞ. In this form, we can estimate the factor
level and alpha values using NMF, with the added constraint that col-
umns of A sum to 1. We use the platelet marker genes PF4, PPBP,
TAGLN2, TM2D2, and IFRD1 to identify which column of F is the
extrinsic factor and which is the intrinsic factor.

Factor estimation was done on a separate dataset of 70 cfRNA
samples collected from 10 healthy donors. Plasma from each donor
was processed using seven different handling conditions before
sequencing (Supplementary Table S2). Constrained NMF was used on
the CPM normalized samples to estimate the intrinsic and extrinsic
factors for each gene.

Cf-normalization
The intrinsic and extrinsic factors learned on our healthy reference
data are estimates of the contribution level of intrinsic and extrinsic
processes for each gene when both of these contributions are
balanced in the sample. We use the normalized ratio of intrinsic and
extrinsic factors for each gene to split the cfRNA count table into an
intrinsic and extrinsic table, such that gi, j = I

n
i gi, j + E

n
i gi, j for each

sample j and gene i, where Ini = Ii=ðIi + EiÞ and En
i = Ei=ðIi + EiÞ. Both

Ini gi, j and En
i gi, j undergo total sumnormalization (abbreviated asTSN),

where each sample is divided by it’s total counts andmultiplied by the
median sample total. These values are then combined back into the cf-
normalized gene table gn

i, j =TSNðIni gi, jÞ+TSNðEn
i gi, jÞ. Performing TSN

on these contributions separately ensures that the total expected
contributions across all genes is normalized across samples, assuming
the per-gene contribution ratios learned in the reference data, though
there may still be some deviations in individual genes for different
samples.
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Asoutlined above, our cf-normalization canonly beusedongenes
that are present in the reference cohort. For genes present in the PDAC
data and not present in the reference cohort, we estimated their
intrinsic and extrinsic contributions by re-fitting the same NMFmodel
on the training and validation data, but holding the factor values for
reference cohort genes constant. This learns the factor contributions
on new genes while using the previously found gene factors to guide
the factorization. We note that this method is an approximation that
can be usedwhen reference values of the genes are unavailable. One of
our discovered biomarkers, AC139099.4, was added in this way, as it
had no observed reads in the reference cohort.

DE gene discovery
DE genes were discovered on the CEDAR cohort. We first removed all
genes with sample variance <1, as computed on the normalized count
matrices. For each gene, a Wilcoxon rank sum test is performed,
comparing PDACsamples against all otherdiagnoses. Anygenewith an
FDR-corrected p ≤0.05 is designated as DE and included in the model.

Tissue enrichment analysis
Tissue enrichment was performed in reference to the “RNAHPA tissue
gene data” dataset from Human Protein Atlas version 22.058. The TPM
levels of each DE gene were normalized across tissues using Z-score,
which involves subtracting the mean for each gene across tissues and
dividing by the standard deviation of that gene. Tissues are then
ranked by total normalized count for all DE genes. For heatmap gen-
eration, Z-scores were capped at 5 to improve visualization.

Tissue deconvolution
The signature matrix for tissue deconvolution was created using the
Human Protein Atlas tissue gene dataset TPM values, filtered for our
DE gene list and with a minimum count capped at 1. We used support-
vector regression to perform deconvolution, similar to CIBERSORT59

and Vorperian et al.60. The combination of CEDAR and BCC cohorts,
filtered for DE genes, was used as the input matrix for deconvolution.

Both input matrix and signature matrix columns (i.e., samples/
tissues) were zero-centered and scaled by standard deviation. Support
vector nu-regression was performed on each sample individually,
using the sample as the target vector and the signature matrix as the
input variables. We used a linear kernel function, with a parameter
search over the value of nu, selecting the value with the lowest sum of
squares error. To find the tissue proportions for each sample, we took
the learned coefficients for the model on that sample, set negative
values to 0, and then normalized them to sum to one.

Figure 3b was created using tissue proportions learned from
deconvolution. We averaged the predicted tissue proportions for
PDAC samples and for non-PDAC samples over both datasets. The
averages were normalized, per tissue, to sum to one for the bar plot.

Machine learning experiments
Ourmachine learning pipeline takes as input a training set of labels and
features, a validation set of features, a classifier model to use, and
parameter settings for the classifier. We perform a log(x + 1) transform
on all input feature tables to reduce the effects of outliers. Labels are in
the binary categories of PDAC and not-PDAC. We use SMOTE47 to
create additional synthetic PDAC training samples, so that the number
of samples for each class is balanced in the training cohort. The
modified trainingdata is used to train the given classifierwith the given
parameter settings, and the trained model predicts the probability of
each validation sample being PDAC, whichwe call the PDAC score. The
predicted PDAC score and the true validation set labels are used to
compute ROC and AUC as evaluation measures.

Weperformed two sets of experiments to evaluate the best choice
of classifier and the optimal parameter settings. For both experiments,
we used only the PDAC and benign samples of the CEDAR cohort and

evaluated performance using 10-fold cross-validation. Since there are
only 20 total PDAC samples in theCEDAR cohort, weensured that each
fold of data contained exactly two random PDAC samples. For classi-
fier evaluation, we compared LDA, SVM, and RF, implemented in the R
packages “MASS”, “e1071”, and “randomForest”, respectively. Each
classifier was evaluated using the default choices of parameters, with
RF showing the best performance.

For parameter evaluation of RF, we looked at the number of
variables to use in each split (1, 5, or 10), the size of the leaf nodes (1, 5,
or 10), the total number of trees created (250, 500, or 1000), and
whether sampling was performed with or without replacement. This
equated to 54 different parameter settings that were evaluated.
Instead of using the highest single-performing parameter combina-
tion, we looked at the box plots of performance for each parameter
and selected the option for each parameter with the highest median
value (Supplementary Fig. S9). This corresponded to one variable used
in each split and sampling with replacement. For the other parameters
where there was no obvious best choice, we used the lowest values
tested: leaf node size of 1 and 250 trees.

To generate the results for cross-validation and external valida-
tion, we use the parameter setting above in three different experiment
settings. In the first setting, we compare PDAC samples to benign
samples, the second setting excludes all non-PDAC cancer samples,
and the final setting includes all available samples. These experiment
settings show the performance of the PDAC score with increasingly
heterogeneous diagnoses to compare against.

Survival analysis
For Kaplan–Meyer curves, we use the predicted PDAC score of PDAC
samples to create lowandhigh-risk groups for survival analysis.Weuse
the 50th percentile of the scores, calculated for each dataset indivi-
dually, as the cutoff between the two groups. We use the R package
“survival” to compute the p value of a chi-squared test of equality
between the two groups, modeling survival time with PDAC score as
the only predictor.

As a separatemodel for survival analysis, wefit a Cox proportional
hazardsmodel to PDAC samples in each cohort, using PDAC score, sex,
and age to predict survival time. This was done using the “coxph”
function in the R “survival” package.

CA19-9 measurement
The CA19-9 levels in the samples were measured by the OHSU
Pathology Lab Services Core lab using the Beckman Coulter Access GI
Monitor Cancer Antigen 19-9 (ref. 387687) immunoassay. All samples
with serum aliquots of >200μl were run through the assay, which
produced results for 126 samples in the CEDAR cohort and 86 samples
in the BCC cohort. The Core lab determined the reference range of
0–37U/ml.

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

Data availability
Sequencing data associated with patient samples is publicly available
in the Sequence Read Archive with the accession number
PRJNA1135202. Sequencing data associated with the normalization
samples is also publicly available in the Sequence Read Archive with
the accession number PRJNA1199029. Processed data is available using
the github link provided.

Code availability
In-house scripts used in this manuscript, along with count tables,
metadata, and software versions, are publicly available on Github:
https://github.com/ohsu-cedar-comp-hub/2024_ngolab_cfRNA. Code
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and scripts used to produce this manuscript are citable via https://doi.
org/10.5281/zenodo.15678348.
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