'.) Check for updates

Chemistry
Europe

European Chemical
Societies Publishing

Analysis & Sensing
Analysis & Sensing

| RESEARCH ARTICLE CGEIEED

Metabolic Fingerprints of High-Risk Individuals for
Pancreatic Cancer: A Multibiospecimen Investigation

Vladyslav Dovhalyuk' | Quang-Dong Bui' @ | Vincent Ripoll' | Wiktor Rutkowski* | Miroslav Vujasinovic™* |

J.-Matthias Lohr** @ | Daniel Globisch'

!Department of Chemistry for Life Sciences, Science for Life Laboratory, Uppsala University, Uppsala, Sweden | *Department for Upper Abdominal Diseases,
Karolinska University Hospital, Stockholm, Sweden | 3 Department of Medicine Huddinge, Karolinska Institute, Stockholm, Sweden | 4Department of Clinical
Science, Intervention and Technology (CLINTEC), Karolinska Institute, Stockholm, Sweden

Correspondence: J.-Matthias Lohr (matthias.lohr@ki.se) | Daniel Globisch (daniel.globisch@scilifelab.uu.se)
Received: 15 March 2026 | Revised: 13 May 2026 | Accepted: 22 May 2026

Keywords: human samples | liquid chromatography | mass spectrometry | metabolomics | pancreatic cancer

ABSTRACT

Metabolomics analyses of human samples have a high potential to identify new metabolic markers that are important for disease
development and can be utilized for disease diagnostics. To identify these disease-specific metabolic variations that represent
medically important signatures, these metabolites have to be distinguished from common metabolic changes at a baseline level.
Herein, we report a comprehensive metabolomics analysis of human fecal, plasma, and urine samples of high-risk patients for
the development of pancreatic cancer to explore early metabolic alterations associated with the presence of pancreatic cysts.
This study provides detailed metabolic insights across multiple biospecimens using a combination of multimatrix sampling and
cofactor-adjusted statistical analysis. Importantly, we have identified several potential candidate markers, including methylglutaric
acid (area under the curve (AUC)=0.88), hydroxyindoleacetic acid (AUC =0.82), and hypoxanthine (AUC =0.82) associated with
the presence of pancreatic cysts in an exploratory receiver operating characteristics analysis. Furthermore, bile acids, alkaloids, and
fatty acids were identified to be altered in the individuals with cyst formation. We also identified a series of metabolites relevant for
age- and sex-dependent differences. While validation in larger, longitudinal cohorts remains necessary, our findings lay a strong
foundation for future investigations into metabolic markers of pancreatic pathology.

1 | Introduction Exocrine pancreatic tumors, which account for ~90-95% of cases,
have a 5-year survival rate of about 8%, whereas pancreatic

Pancreatic cancer (PC) remains one of the deadliest cancers, with neuroendocrine tumors show substantially better outcomes with

extremely low survival rates. Historically, the 5-year survival rate
was extremely low and has improved only slightly over the past
few decades, rising from 3.1% in the 1980s to 6.9% in the 2000s
[1]. More recent estimates suggest a 5-year relative survival rate
of 23.7% for 2016, with predictions of 33.9% for 2017-2021 [2].
Although gradual improvements have been observed over recent
decades, prognosis remains unfavorable. According to the most
recent estimates from the American Cancer Society, the overall
5-year relative survival rate for PC is ~13% [3]. Survival varies
considerably depending on tumor subtype and stage at diagnosis.

survival rates approaching 70% [3]. Even among the minority of
patients diagnosed with localized disease (~15-20% of cases), the
5-year survival rate remains limited at around 44% [3]. Despite
the moderate improvement, these rates remain unacceptably
low. This heterogeneous disease is often asymptomatic at an
early stage, leading to delayed diagnosis when therapeutic inter-
ventions are largely ineffective. Factors associated with poorer
survival include a high age, males, distant or metastatic disease,
and poorly differentiated tumors [4]. In contrast, better survival
is observed in younger patients, those with localized disease,
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well-differentiated tumors, and those who undergo surgical resec-
tion [4]. Early detection and efficient screening options are crucial
to improving survival rates [5].

One of the biggest challenges in PC research is the lack of reliable
biomarkers for early detection [6-8]. While CA19-9 is the most
commonly used clinical biomarker, it lacks specificity and sensi-
tivity, particularly for early-stage disease [9]. Even measuring glu-
cose and HbA1c values did not contribute to PDAC detection [10].
The complex metabolic alterations associated with PC, driven by
dysregulated metabolic pathways and tumor-microenvironment
interactions, remain poorly characterized. Consequently, there
is a need for comprehensive molecular profiling approaches to
identify early-stage biomarkers and improve diagnostic accuracy.
Mass spectrometry-based metabolomics enables highly sensitive
detection of a broad range of metabolites and is widely applied for
exploratory profiling of metabolic changes in biological samples.
Other analytical platforms, such as nuclear magnetic resonance
(NMR) spectroscopy, are also used in metabolomics research
and can provide complementary metabolic information due to
their high reproducibility and quantitative capabilities [11]. While
integration of multiple analytical platforms can further expand
metabolome coverage, mass spectrometry-based metabolomics
remains particularly well suited for exploratory studies aimed at
identifying candidate metabolic biomarkers [12, 13].

To explore potential metabolic biomarkers for PC, various bio-
specimens have been analyzed, including the common sample
types: plasma, urine, and pancreatic tissue. Fecal samples have
recently become more important due to the involvement of the
microbiome in disease development and progression. Each of
these biological matrices offers unique advantages and analytical
challenges toward the discovery of biomarkers for PC clinical
evaluation and diagnosis.

Plasma is a commonly used biofluid for biomarker discovery due
to its systemic nature, which reflects a global picture for metabolic
changes occurring in the entire body. It enables the detection of
tumor-derived metabolites that can enter the circulation, offering
the possibility of a snapshot of disease-related alterations. Plasma
metabolomics has also been part of the so-called “liquid biopsy”
strategy to replace invasive diagnostic tools. Previous studies
have identified five promising biomarkers (creatine, inosine,
beta-sitosterol, sphinganine, and glycocholic acid) that surpass
conventional markers in PC diagnosis as well as elevation of
branched-chain amino acids [14-16]. In addition, targeted metab-
olomic and lipidomic analyses of plasma and pancreatic cyst
fluid in surgical cohorts have provided insights into metabolic
alterations associated with pancreatic cystic lesions [17]. Urine
sample analysis represents a noninvasive option for biomarker
discovery, benefiting from the excretion of metabolic by-products
and end products. It is simple to collect in large volumes and
also includes metabolites associated with PC metabolism and
host-microbiome interactions [18]. Analytical challenges for this
sample type are the normalization to consider the dilution fac-
tors of urine samples as well as the matrix effect due to a
high salt concentration. This sample type has been a focus of
efforts in the metabolomics community to identify characteristic
metabolomic signatures associated with pancreatic diseases [19].
Fecal samples offer valuable insights into the gut microbiota
metabolism and metabolic interaction with the host. Based on

the growing evidence connecting gut microbiome dysbiosis to
pancreatic diseases, fecal metabolomics substantially contributes
to the identification of microbe-derived metabolites in the context
of PC development [20, 21].

Recent studies suggest that microbial communities can migrate
to the pancreatic tissue [22]. Thus, the gut microbiome is also
increasingly recognized as a key player in pancreatic disease
development [23]. The presence of bacteria within pancreatic
tumors and adjacent tissues has been reported, with some studies
indicating potential roles in tumor progression and immune mod-
ulation [24]. Specific bacterial species, such as Porphyromonas
gingivalis, Fusobacterium, and Helicobacter pylori, have been asso-
ciated with increased PC risk [25]. Dysbiosis in gut microbial
composition has been linked to systemic inflammation, immune
system alterations, and metabolic reprogramming. The gut micro-
biota produces metabolites such as short-chain fatty acids, bile
acids, and larger peptides like GLP-1, which regulate pancreatic
hormones, liver glycogen synthesis, and energy expenditure [26].
The gut-liver-pancreas axis has been linked to systemic meta-
bolic shifts, making fecal samples a key matrix for investigating
microbiome-related biomarkers [26]. Fecal samples, which pro-
vide a direct readout of gut microbiota composition and activity,
represent a valuable resource for identifying microbial metab-
olites that may serve as diagnostic or prognostic biomarkers.
Furthermore, plasma and urine may contain metabolites influ-
enced by microbiome-derived metabolic processes, making them
complementary matrices for biomarker discovery.

Metabolomics is a powerful analytical approach that enables the
comprehensive profiling of small molecules in biological samples.
Liquid chromatography techniques coupled to tandem mass spec-
trometry (LC-MS/MS) are one of the most widely used platforms
for metabolomics due to their high sensitivity, specificity, and abil-
ity to detect a broad range of metabolites. However, comparison of
metabolomics data from different biological matrices poses a great
challenge and has its limitations. We are reporting the baseline
metabolic profiles of high-risk individuals through a multimatrix
untargeted metabolomics approach, integrating fecal, plasma,
and urine data to capture early, age- and sex-adjusted metabolic
variations linked to pancreatic cyst presence (Figure 1).

2 | Experimental Section
2.1 | Chemicals

Solvents, reagents, and analytical standards were purchased from
Sigma-Aldrich (Merck, Germany) or Fisher Scientific (Hampton,
NH, USA) and were used without further purification. The in-
house metabolite library was obtained from MetaSci (Toronto,
ON, Canada). Mass spectrometry-grade solvents were used for
ultraperformance liquid chromatography coupled with electro-
spray ionization mass spectrometry (UPLC-ESI-MS) analysis.

2.2 | Sample Collection

Urine, plasma, and fecal samples were collected from individu-
als participating in the study according to Karolinska Institute
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FIGURE1 | Overview of the study workflow. Urine, plasma, and fecal samples were collected from different numbers of individuals at a high risk

for developing PC (total cohort n=60). Samples were collected at two time points (T1 and T2) ~6 months apart. The number of samples available
for each biospecimen type and time point varied and is indicated in the figure. Global metabolomics analysis was performed using UHPLC-MS/MS
with reversed-phase chromatographic separation and a Q-ToF mass analyzer. Data preprocessing and statistical analyses were conducted using XCMS,
MetaboAnalyst, and in-house R scripts following standardized sample preparation and QC procedures.

Hospital standardized collection protocols. All samples were
stored at —80°C until metabolomic analysis.

Plasma: Blood samples were collected in serum tubes containing
a clot activator. After blood draw (minimum 4mL), tubes were
gently inverted five to six times and allowed to clot in an upright
position at room temperature (18-25°C) for ~60 min. Samples
were then centrifuged at 1300 x g for 10min at room tempera-
ture to separate serum. The resulting supernatant was aliquoted
into polypropylene cryotubes, typically 250 uL per tube, using
a pipette. Cryotubes were securely capped, labeled, and stored
at —80°C. The maximum time between blood collection and
freezing did not exceed 4h. Samples were transported on dry ice
to the analytical laboratory.

Urine: Participants were instructed, when possible, to retain urine
in the bladder for at least 4 h prior to sampling. Midstream urine
was collected into a sterile collection container either at home
or at the clinic. Samples collected at home were stored in a
refrigerator (—2°C to —8°C) until transport and typically collected
the day prior to the clinical visit. In the laboratory, urine samples
were aliquoted into three 2mL cryotubes, labeled with the study
identification number and sampling date, and stored at —80°C
until analysis.

Feces: Fecal samples were collected using standard clinical collec-
tion kits routinely applied for fecal elastase testing. Participants
were instructed to store the collected samples in a refrigerator
(—2°C to —8°C) for up to 2 days prior to either returning them
directly to the hospital or sending them by express mail. Upon

receipt, samples were immediately transferred to —80°C for
long-term storage until metabolomic analysis. This collection
procedure is widely used in fecal metabolomics studies [27].

2.3 | Sample Preparation

Small amounts of fecal samples were transferred into Eppendorf
tubes without thawing and freeze-dried overnight. Dry samples
were weighed, and samples were assessed by dry mass to fit in
the 12-120mg range. Five percent DMSO/water solution was
added in proportion 20:1 to result in the dry fecal mass concen-
tration of 60mg/1mL. Tubes were homogenized (vortex and
sonication for 1 min) and centrifuged at 13,400 rpm for 5min. The
supernatant was collected and, according to the smallest sample
volume (200uL), was isolated into a separate Eppendorf tube
and freeze-dried overnight, and subsequently stored at —20°C
for a maximum of 3 days. Ten times lower volume from each
sample was taken to quality control (QC) Eppendorf, and the same
procedure was applied. Fecal samples were reconstituted to 50 uL
with Milli-Q water. The following procedure is the same for fecal,
urine, and plasma samples. FiftyuL of chilled samples (on ice)
was aliquoted into the new Eppendorf tube. Ice-cold LC-MS grade
methanol (240uL) and 10uL of I.S were added to the samples.
As internal standards (IS), a mixture of C-13 isotopically labeled
tyrosine (**C,,"N, 5pug/mL), phenylalanine (**C,,"’N, 10 pg/mL),
and valine (**Cs, 30 pg/mL) was used. QC tube was reconstituted,
and reagents were added in the same proportion, based on the
volume. Samples were vortexed for a few seconds and placed
at —20°C for 1 h. The samples were then centrifuged at 13,400 rpm
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for 5min, and the supernatant was isolated and evaporated with
a speed-vac (Eppendorf Concentrator Plus). The samples were
stored at —20°C until the UPLC-MS analysis. The samples were
reconstituted in 50 uL water/acetonitrile (95:5) and centrifuged
again at 13,400 rpm for 5min. The supernatant was transferred to
LC-MS vials.

2.4 | Ultrahigh Performance Liquid
Chromatography-Mass Spectrometry Analysis

The ultrahigh performance liquid chromatography-tandem
mass spectrometry (UHPLC-MS/MS) analysis was performed
in a Maxis II ETD quadrupole time-of-flight (Q-TOF) mass
spectrometer (Bruker Daltonics, Germany) using an ESI
source with an Elute UHPLC system (Bruker Daltonics,
Germany). The separation was performed on an Acquity
UPLC HSS T3 column (1.8 pum, 100x2.1mm) from Waters
Corporation. Milli-Q water with 0.1% formic acid was used
as mobile phase A, and MS-grade methanol with 0.1% for-
mic acid was used as mobile phase B. The column temper-
ature was kept at 40°C, and the autosampler temperature
was kept at 5°C. The flow rate was set to 0.2mL/min with
an injection volume of 5pL. The gradient used was as fol-
lows: 0-2min, 0% B; 2-15min, 0-100% B; 15-16 min, 100% B;
16-17min, 100-0% B; 17-21min, 0% B. The system was control-
led using the Compass HyStar software package from Bruker
(Bruker Daltonics, Germany). High-resolution mass spectra were
acquired in positive and negative mode at a mass range from
m/z 50 to 1,200. Data acquisition was performed in AutoMSMS
mode (data-dependent acquisition) with a cycle time of 0.5s
and a ramped collision energy from 20 to 50eV. A solution
of sodium formate [10mM in a mixture of 2-propanol/water
(1/1, v/v)] was used for internal calibration at the beginning of
eachrun, in a segment between 0.1 and 0.3 min. The samples were
injected into the UPLC-MS system in a randomized order with
QC samples injected at the beginning and end of the sample list
in both ionization modes, as well as after every eight samples. The
standard deviation of the mass calibration for all injections was
below 0.5 ppm.

2.5 | Data Analysis

The chromatograms and mass spectra were processed using the
eXtensible computational mass spectrometry (XCMS) R package
(version 4.2.1) for peak peaking and retention time correction,
in both positive and negative ionization modes [28, 29]. After
XCMS, systematic error removal using random forest (SERRF)
normalization was performed using an R script (Shiny-SERRF
from UC Davis) [30]. Features with intensities >20,000 ion count,
retention time >1min and <18 min, and coefficient of variation
of the QCs <30% were selected for further statistical analysis.
The intensities of the ISs and the QC samples were plotted
against the UPLC-MS/MS sample injection order to evaluate
the stability and performance of the experimental set over time.
An overview of the data was provided by principal component
analysis (PCA), prior to which the data were log-transformed
and autoscaled using the metabolomics platform Metaboanalyst
6.0 [31, 32]. The normality of the test statistics and p-values
was evaluated using the same platform, and the data were

distributed normally. Statistical analysis for each metadata factor
was performed using a linear regression model with cofactor
adjustment. For each biospecimen and metadata factor, p-values
were adjusted for multiple testing using the Benjamini-Hochberg
false discovery rate (FDR) procedure across all tested features
included in that comparison. Features with q<0.05 were con-
sidered FDR-supported, whereas features with nominal p <0.05
were interpreted as exploratory associations. Fold change was
used as a secondary statistical parameter for cyst and sex, while
the Pearson correlation coefficient was applied for age. Receiver
operating characteristics (ROC) curves and area under the curve
(AUC) values were computed using the pROC package in R.
Metabolite intensities were log-transformed prior to analysis to
reduce heteroscedasticity. ROC analysis was performed for anno-
tated nominally significant features based on the cyst comparison
listed in the Supporting Information (SI). For each metabolite,
a logistic regression model was constructed using magnetic reso-
nance imaging (MRI)-detected cyst status as the binary outcome
and metabolite intensity as the predictor, with age and sex
included as covariates. Model performance was evaluated using
fivefold cross-validation. Model performance was evaluated using
fivefold cross-validation.

2.6 | Identification of Metabolites

Significantly altered features and molecules of interest were
primarily annotated by databases (HMDB, METLIN, MoNA)
based on m/z value, high-resolution mass, and AutoMSMS frag-
mentation spectra. The SIRIUS platform was used for spectra
screening [33-35]. The CANOPUS tool was utilized as part of
the SIRIUS software to predict compound classes of molecular
features [36]. An MS/MS screening script was developed in an
R script using MetaboAnnotation and CompoundDb packages
[34]. The standards were acquired under the same conditions as
the sample acquisition method. The experimental m/z, retention
time, and MS/MS were extracted and exported as mgffiles for each
standard using DataAnalysis. An internal reference database was
created and managed with the CompoundDb package in SQLite
format, which allows a high level of identification confidence.
Meanwhile, MassBank (release 2021-03) was also used to screen
the MS/MS [34, 37].

Subsequently, our in-house standard library or purchased stand-
ards, measured in the same UHPLC-MS/MS system, were used
for the assignment of the retention time. Finally, high-resolution
targeted MS/MS experiments were performed, and the product
ion spectra were compared to the corresponding standards.
Compound classification was performed with the CANOPUS tool
utilizing the NPClassifier database [36, 38].

Confidence levels were assigned according to the widely adopted
four-level confidence system for metabolite identification [39].
Level 1 represents the highest confidence, requiring a match of
both MS/MS spectra and retention time to an authentic standard
analyzed under identical conditions. Level 2 indicates putative
identification based on spectral similarity to reference spectra
or database entries. It is often subdivided into: Level 2a, where
MS/MS spectra are matched to experimental spectra, and Level
2b, where predicted fragmentation patterns are used for spectral
matching. Level 3 provides tentative annotation at the compound
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class level, based on characteristic fragments, substructures, or
isotopic patterns, but lacks a specific structural assignment. Level
4 indicates unknowns with limited structural information such as
a proposed molecular formula derived from accurate mass.

2.7 | Cross-Matrix Matching

Normalized and filtered features were cross-matched between
ionization modes and biological matrices using two criteria. First,
features were considered a match if their monoisotopic masses
differed by less than 10 ppm. The monoisotopic mass was calculated
by adding or subtracting 1.007Da from the median feature m/z
value, depending on the ionization mode. Second, matched features
were required to have chromatographic retention times within a
5-s window of each other. A complete list of crossed-matched and
unique identified features is shown in Table S3, SI. A Venn diagram
illustrating shared and unique features across matrices is shown in
Figure S1, SI. Feature identification was performed independently,
and consistent annotations of the same metabolite across matrices
provided an additional level of validation.

3 | Results and Discussion
3.1 | Study Cohort and Sample Metadata Overview

Untargeted metabolomics analysis was performed to profile the
core metabolome and assess differences at a baseline level. Our
analysis includes correlation with metadata in a cohort of indi-
viduals under surveillance due to a higher risk for developing
pancreatic diseases, including pancreatic ductal adenocarcinoma
(PDAC/Figure 1). High-risk factors included long-term smoking,
obesity, diabetes, and a family history of PC. All patients were
under clinical surveillance at Karolinska University Hospital,
Sweden. A total of 60 patients were included at the beginning,
providing fecal, plasma, and urine samples at up to 2 time points
that were ~6 months apart. Due to unavoidable dropouts, the
sample availability from each patient varied. The most complete
cases included the maximum number of five samples (two urine,
two plasma, and one fecal samples). In some cases, only one single
sample was collected. T2 fecal samples were limited and thus have
been excluded from the analysis. A full list and a summary of the
sample cohort are shown in Tables S1 and S2, SI.

The overall cohort had a slightly higher percentage of females
(62%) than of males (38%). To categorize patients by age, samples
were initially divided into three equal groups: below 55 years,
between 55 and 65 years, and above 65 years. However, these
groups were not balanced across subgroups by other factors.
Therefore, age was incorporated as a continuous variable into
the analysis, with an average patient age of 57 years and with
a relative standard deviation (RSD) of 18%. The average age for
males was 55.7 years (RSD 16.1%), and for females, 57.7 years
(RSD 19.5%, details are shown in Table S2, SI). MRI metadata
was used to classify patients into two diagnostic groups. The
first group includes patients with detected cyst formations. These
include I) branch-duct intraductal papillary mucinous neoplasm
(BD-IPMN), II) multifocal BD-IPMN (MF BD-IPMN), and III)
patients with any other pancreatic cysts detected. The second

group includes all the patients with noncyst MRI diagnoses,
including “No Abnormalities Detected” (NAD), pancreas divi-
sum, reduced pancreatic volume, fat lesions, atrophy, and annular
pancreas. The metadata balance varies between all sample types.
Urine samples were available from 60 patients and reflect the
overall cohort metadata balance with an equal number of patients
with and without cysts (30). Fecal and plasma samples were
obtained from a subset of 21 patients, resulting in a slightly
different metadata distribution. This subcohort remained more
sex-balanced (43% male) and had a mean age of 59 years (RSD
17%). The MRI group distribution in this subcohort was higher
in patients with detected cysts (67%). The metadata balancing of
the subcategories was found to be satisfactory for all sample types
(Table S1, SI).

Additional clinical parameters, such as fecal elastase, HbAlc,
Cal9-9 levels, and treatment information, were available for
the majority of the patients. However, due to missing values,
statistical power within the subgroups was insufficient, and these
variables were not considered during the downstream statistical
analyses. Correlation analysis between key metadata variables
revealed low to negligible associations (Spearman’s p < 0.3) across
all sample types (Figure 2a). Unsupervised multivariate analysis
using PCA did not reveal any distinct clustering based on sex or
age in fecal, plasma, or urine metabolomic profiles (Figure 2b).

3.2 | Multivariate Analysis of Metadata Associations
with Metabolomic Profiles and Metabolite
Structure Elucidation

Across all matrices, a total of 31,239 metabolic features were detec-
ted after preprocessing, normalization, and filtration, including
10,971 in fecal samples, 4,162 in plasma, and 16,106 in urine.
Following structural elucidation, 132 metabolites were annotated
across the dataset. According to the four confidence levels from
Schymanski et al., five metabolites were identified at level 1
(confirmed with authentic standards), 71 at level 2a (experimental
spectral match with public database), 55 at level 2b (simulated
spectral match with public database) [39]. A detailed list of
annotated metabolites and their confidence levels for each sample
matrix is shown in Tables S3 and S4 (SI).

To evaluate the influence of key metadata variables (sex, age,
and MRI diagnosis) on the metabolomic profiles, a linear model
with covariate adjustment was conducted separately for each
sample type (fecal, plasma, and urine). For each target meta-
data factor, the remaining factors, along with the sampling
time points 1 or 2, were included as covariates to control for
potential confounding effects. The UHPLC-MS data acquisition
generates tens of thousands of peaks, which are reduced to
thousands of metabolic features after preprocessing. The Venn
diagram (Figure S1, SI) illustrates that fecal samples share the
largest number of overlapping features with plasma, fewer with
urine, and the smallest overlap is observed between urine and
plasma. Only 117 features were common to all three sample types
out of the original 31,239 detected features. Following a linear
model with covariate adjustment statistical analysis, hundreds
of features were prioritized based on their nominal statistical
association (p < 0.05), while no FDR-supported features were
observed. Consequently, the annotated metabolites discussed
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below are presented as exploratory nominal associations requir-
ing validation in independent cohorts. Structural elucidation was
performed using a combined strategy, including in-house libraries
of authentic standards, public databases, SIRIUS software, and
manual curation.

3.3 | Cyst-Associated Metabolic Alterations

MRI imaging is a primary diagnostic tool in gastroenterology
for screening pancreatic abnormalities and detecting early-stage
diseases. In the studied high-risk cohort, screening revealed a
wide variety of pancreatic changes, with many cases involving
different types of cyst formations. Many high-risk individuals
screened exhibited IPMNs of branch duct localization with sin-
gular or multifocal proliferation. In here, we describe the cross-
matrix metabolic profiles of high-risk individuals at a predisease
cyst level.

We started with the investigation of urine samples that reflect
renally modulated metabolism endpoint in the form of excreted
compounds, many metabolites are exposed to the human phase I
and phase II metabolism. Urine is often considered to be a
target sample type for diagnostic purposes, due to the obvious
advantages of a noninvasive sample collection, thus a high patient
compliance compared to other sample collections, and large
available volumes. The majority of dysregulated compounds
were downregulated in patients with cyst formations (Figure 3a).
Urine samples from affected individuals demonstrated moder-
ate enrichment of metabolites classified within the shikimate,

alkaloid, and terpenoid pathways (Figure 3b). Notably, purine
and pyrimidine derivatives, such as methylxanthine and paraxan-
thine, were upregulated in patients with cysticlesions. Previously,
several purine oxidation products, such as hypoxanthine and
allantoate, have been linked to IPMN progression toward cancer,
but were detected exclusively in cyst fluid [40]. Methylxanthine
has been detected in plasma samples as well but without any
significant association with the presence of cysts. A similar
pattern was observed for androgenic steroid metabolites, includ-
ing hydroxyandrostenedione glucuronide and androstenedione.
While amino-oxononanoic acid was also elevated in cyst-positive
individuals, monoketocholic acid and glycocholic acid were more
abundant in those without cyst formations. Among the three
investigated biospecimens, fecal samples yielded the most pro-
nounced metabolic alterations and plasma the least differences.

Plasma is the benchmark matrix for systemic metabolomic profil-
ing, as it provides a comprehensive snapshot of circulating metab-
olites derived from multiple organs and metabolic pathways.
Despite the invasive nature of blood collection, plasma has been
extensively used in biomedical research to identify biomarkers
of disease risk, progression, and therapeutic response. In the
context of pancreatic diseases, several studies have reported
plasma-based metabolomic signatures associated with PC and
related risk factors such as diabetes and obesity [41]. While both
urine and plasma are important sample types for metabolomics
profiling to solve biomedical questions, plasma provides a more
biochemically diverse readout of systemic metabolism and path-
way analysis [42]. Metabolic alterations in plasma samples linked
to cysts were identified to be scarce and part of diverse pathways.
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FIGURE3 | Comparisonof Metabolic Profiles Grouped by MRI-based Cyst Status. (A) Sample-specific volcano plots showing statistically significant
features obtained using a linear model with cofactor adjustment (p <0.05; fold change>1.5). The y-axis represents —log,,(p-value) and the x-axis
log,(fold change). (B) Sankey diagram of NPClassifier-predicted pathways of significantly altered metabolites cross-matched across matrices. Line
thickness corresponds to the number of metabolites per pathway. (C) Boxplots and corresponding chemical structures of selected significantly
altered metabolites (annotation confidence level > 2b), grouped by NPClassifier-assigned pathways. Statistical significance within a factor is indicated
as: ***p <0.001, **p<0.01, *p<0.05. Group colors: cyst absent—cyan; cyst present—magenta. Cross-matrix metabolite overlap is illustrated by
color-coded structures.
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The most important metabolites of interest identified within this
study, particularly piperine, palmitoylethanolamide, erythronic
acid, and pyroglutamic acid, were identified as significantly upre-
gulated in patients with cysts. In contrast to those findings, cor-
tisol, epi-deoxycholate, sulfotyrosine, hydroxyindoleacetic acid,
decatrienoylcarnitine, and gamma-glutamylphenylalanine were
identified to be associated with patients with no detected pancre-
atic abnormalities. Only one metabolite previously reported to be
positively associated with PDAC was pyroglutamic acid, which
was identified to be conjugated with glycine as pyroglutamylgly-
cine in a large prospective epidemiological study and was among
several dipeptides that were significantly altered in PDAC [43].

Fecal samples represent a fairly novel matrix for the meta-
bolic investigations and diagnosis of nongut localized diseases.
Challenges related to sample handling and patient compli-
ance have contributed to their less frequent use compared
with plasma or urine. Nevertheless, fecal metabolomics is
of considerable importance for biomedical research due to
the direct metabolism investigation of the rapidly developing
microbiome research field. This sample type offers a unique
window into host-microbiome interactions and the starting
point of the gut-brain axis, thereby providing complementary
perspectives on disease pathophysiology. In our study, fecal
samples revealed the most metabolically diverse profile among
all sample types, differentiating cysts versus noncysts contain-
ing individuals, while only minor differences were found for
age and sex. In fecal samples, the presence of pancreatic
cysts was again associated with decreased levels of diverse
pathways. Most metabolites found to be significantly elevated
in patients without cysts were nucleosides including uracil,
uridine, deoxyuridine, hypoxanthine, inosine, deoxyinosine,
cytidine, deoxycytidine, and guanosine. This may be linked to
previous findings by Zhang et al. who reported that uracil and
hypoxanthine levels were found to be reduced in PC patients
compared to healthy controls in plasma samples [44]. In addi-
tion, several short-chain phenolic acids, like benzaldehyde
and pyrocatechuic acid, follow a similar behavior, which are
part of the shikimates and phenylpropanoids pathways, as
well as some cholane steroids, particularly nutriacholic acid,
lagocholic acid, oxo-choladienoic acid, and monoketocholic
acid. Monoketocholic acid is of special interest as it was also
detected in urine samples. In addition, many dipeptides have
been identified with the same tendency: glycylproline, glycyli-
soleucine, prolylvaline, valylthreonine, valylvaline, and valyl-
glutamic acid. Dipeptides have been previously linked directly
to bacterial metabolism [45]. Contrary to the rest of the iden-
tified molecules, the two metabolites methylglutaric acid and
oleamide were elevated in the presence of cysts. These metab-
olites have rarely been reported in fecal metabolomics studies,
and their detection may reflect pancreatic structural changes.
These features were often not observed in plasma or urine,
reinforcing the localized and unique nature of gut-associated
metabolomics. As expected, a large proportion of significantly
associated metabolites belonged to the amino acids and pep-
tides, shikimates and phenylpropanoids, and terpenoids path-
ways, demonstrating a strong gut microbiota involvement.

The ROC analysis revealed exploratory discriminatory perform-
ance for several metabolites associated with pancreatic cyst
detection. A logistic regression model was constructed for each

metabolite, with the cyst status (MRI-detected cysts: present vs.
absent) as the binary outcome variable and metabolite intensity
as the predictor, while adjusting for age and sex as covariates.
The confidence intervals ranged from ~+0.1 to +0.3, with the
corresponding values reported in SI Table S3.

None of the annotated significantly altered urinary metabolites
exceeded an AUC of 0.7. The highest-performing metabolites
were monoketocholic acid (AUC=0.68) and glycocholic acid
(AUC=0.67). This suggests that urine-based metabolite markers
may be less sensitive for detecting pancreatic cysts in this cohort.
Dilution effects, renal filtration processes, or weaker systemic
metabolic signatures might be among possible reasons.

Among the plasma metabolites, hydroxyindoloacetic acid dem-
onstrated the highest diagnostic performance (AUC=0.82).
Hydroxyindoloacetic acid is a metabolite of tryptophan metabolism,
often associated with host-microbiota interactions and inflamma-
tory processes. Alterations in tryptophan-derived metabolites have
previously been linked to gastrointestinal diseases and immune
regulation, which may reflect systemic metabolic changes associated
with pancreatic pathology [46]. Additional plasma metabolites,
including sulfotyrosine, pyroglutamic acid, erythronic acid, and
gamma-glutamylphenylalanine, demonstrated moderate discrimi-
natory ability (AUC=0.7-0.8). These metabolites are involved in
pathways related to stress response, glutathione metabolism, and
amino acid turnover, suggesting that systemic metabolic stress and
redox balance may be perturbed in individuals with pancreatic cysts.

Fecal metabolites had higher discriminatory estimates than urine
metabolites in this cohort. Methylglutaric acid, cyclohexanoic
acid, cytidine, hypoxanthine, and oleamide achieved high AUC
values (0.8-0.9). The presence of additional fecal metabolites
with moderate diagnostic performance (AUC=0.7-0.8), includ-
ing uracil, deoxyinosine, guanosin, cyclohexaneacetic acid, and
lagocholic acid, further supports the involvement of nucleo-
tide metabolism and bile acid metabolism in pancreatic cyst-
associated metabolic alterations. Changes in fecal bile acids and
nucleoside metabolites may reflect altered intestinal microbial
activity or host-microbiome interactions in individuals with pan-
creatic lesions.

3.4 | Sex-Associated Metabolic Alterations

Metabolic differences between males and females within the studied
cohort were evident across matrices (Figure 4a). Metabolites in
urine samples associated with the biological sex align with previ-
ously reported trends in most cases. The majority of sex-associated
metabolites were classified within the terpenoid, fatty acid, and
amino acid derivative pathways. Amongacylcarnitines, all identified
features were downregulated in males, except for decanoylcarnitine,
which has previously been reported to correlate positively with
body mass index (BMI) and is therefore more frequently elevated
in the male population [47]. Confirming additional age-related
findings, androgenic steroids were significantly elevated in males.
Additionally, several xenobiotic metabolites, including analogues
of the common drug acetaminophen, were upregulated in males,
while the coffee silverskin compound atractyligenin glucuronide
was found to be downregulated. In contrast, amino acids and their
analogues, such as histidine, kynurenine, and acetylcarnosine, were
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FIGURE4 | Comparison of Metabolic Profiles Grouped by Biological Sex. (A) Sample-specific volcano plots showing statistically significant features
obtained using a linear model with cofactor adjustment (p <0.05; fold change>1.5). The y-axis represents —log,,(p-value) and the x-axis log,(fold
change). (B) Sankey diagram of NPClassifier-predicted pathways of significantly altered metabolites cross-matched across matrices. Line thickness
corresponds to the number of metabolites per pathway. (C) Boxplots and corresponding chemical structures of selected significantly altered metabolites
(annotation confidence level > 2b), grouped by NPClassifier-assigned pathways. Statistical significance within a factor is indicated as: ***p <0.001,
**p <0.01, *p <0.05. Group colors: Female—cyan; Male—magenta. Cross-matrix metabolite overlap is illustrated by color-coded structures.
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elevated in females, suggesting potential sex-specific differences in
amino acid metabolism.

Sex-specific differences in plasma were apparent in the levels
of lipid metabolites. Males demonstrate a higher abundance of
metabolites classified as fatty esters and glycerophospholipids,
suggesting hormonal or BMI-driven differences in lipid metabo-
lism. All acylcarnitines were found at higher levels in plasma
samples of male individuals. Generally, women tend to exhibit
higher rates of lipid biosynthesis, while men have a higher protein
turnover. At an increased age, these differences can change as
reported [48]. Hydroxystearic acid is the only metabolite from
the fatty acids pathway found to be upregulated in women.
Additionally, several amino acids and their analogues, such as
proline, betaine, and gamma-glutamylleucine, were elevated in
men, potentially suggesting differences in diet, hormonal regula-
tion, or gut microbiota composition. Notably, plasma also exhibi-
ted altered levels of microbiota-host cometabolites. Elevated
levels of the alkaloids indolelactic acid and indoleacetaldehyde
may indicate that systemic circulation captures signals from both
internal organ function and microbial processes. Indole-3-acetic
acid and indoxyl sulfate have previously been reported to be
elevated in male plasma samples and associated with chronic
kidney disease [49]. Sex-specific differences in the fecal samples
were less extensive but pointed toward higher levels of amino
acids and their analogues as well as shikimate-related compounds
in females, while amino-oxononanoic acid was elevated in males.

3.5 | Age-Associated Metabolic Alterations

Age-related metabolic changes in individuals with a high risk
of pancreatic disease development can shed light on the disease
development and progression across the entire lifespan. It is
important to identify these factors as they must also be considered
during the investigation for disease-related metabolites.

Despite being the largest sample cohort, urine sample analysis
had the lowest number of compounds of interest (Figure 5a).
However, the analysis of plasma samples revealed enrichment
of terpenoids, steroids, and modified amino acids. Our results
revealed that steroids, like androsterone and testosterone, were
found to be decreased in the older population, which is consistent
with an age-related hormone decline. Several acylcarnitines were
negatively correlated with age. While the decline of decanoylcar-
nitine with age has been previously reported in urine samples
[50], the identification of decreased levels of phenylbutanoyl-
carnitine, hydroxydecenoylcarnitine, hydroxydodecadienoylcar-
nitine, and heptenoylcarnitine is new and highlights a compound
class-dependent trend linking acylcarnitine metabolism to the
aging process [50]. A series of metabolites from the amino acid
and peptide derivatives pathway were identified to be negatively
correlated with age in plasma. Among those metabolites are
glycylproline (Gly-Pro) and aspartylphenylalanine (Asp-Phe). In
contrast, acetyl-tyrosine and p-hydroxyhippuric acid were corre-
lated positively.

Age-associated trends in fecal samples were most pronounced
among fatty acids. Hydroxystearic acid, carnitine, pantothenic
acid, and docosapentaenoic acid demonstrated positive correla-
tions with increasing age, whereas isocitric acid, pimelic acid,

and farnesylacetone were negatively correlated. The metabolite
hydroxystearic acid was detected as well in fecal samples, where
it positively correlated with age, however, without significance.
Confirming previous findings, alterations in lipid metabolism,
including increased triglycerides and fatty acids in older indi-
viduals, are common age-associated metabolic changes [51].
The negative correlation of certain fatty acids may reflect early
disturbancesin lipid metabolism, which are common in individ-
uals at high risk for pancreatic disease due to obesity, diabetes,
and inflammation. Indeed, metabolomic studies in PC patients
have reported decreased circulating levels of long-chain free
fatty acids and various glycerophospholipids compared to con-
trols [52]. Terpenoid levels expressed mixed age-related effects.
For example, the cholane steroid epi-deoxycholate was posi-
tively correlated with age, but chenodeoxyglycocholic acid was
negatively correlated. The dipeptides phenylacetylglutamine
and gamma-glutamylalanine were found to increase with age in
the investigated cohort. It validates previous reports on higher
levels of essential and nonessential amino acids with higher
age [53].

Age-associated metabolites were predominantly negatively corre-
lated and included molecules such as dihydroxyphenylalanine
(DOPA), N-acetylspermidine, and glycylproline, which are linked
to declining dopaminergic precursor availability and polyamine
metabolism with increasing age [54]. In contrast, euscaphic acid
was the only identified molecule to be positively correlated with
age. Among molecules associated with biological sex metabolic
differences in fecal samples predominantly were two pathways:
amino acids and peptide derivatives, and shikimates and phe-
nylpropanoids. While most of the identified compounds were
elevated in female samples, amino-oxononanoic acid was found at
higher levels in males.

While our results with this sample cohort across fecal, plasma,
and urine samples of the same individuals provide new insights
into patients at risk for developing PC with specifically new met-
abolic findings for the formation of pancreatic cysts, our obser-
vations should be validated in an independent cohort due to
the following limitations. Another chromatographic setup, such
as hydrophilic interaction liquid chromatography-mass spec-
trometry and absolute quantification, would provide additional
biological information, including a detailed lipidomics analysis.
However, this limitation is common in metabolomics studies,
as no single analytical platform can comprehensively detect
all metabolites present in biological samples [55]. Detailed
lipidomics analysis or lipoprotein profiling using NMR spectro-
scopy would lead obtain a broader metabolite and biomolecule
coverage. These have recently been applied in pancreatic disease
research [56]. Furthermore, a longitudinal collection of fecal
samples and larger cohorts of plasma and fecal samples would
improve statistical power of our findings and validate metabo-
lites of importance. A larger cohort would also allow for the
covariate analysis, including BMI, medication, or other comor-
bidities, which is missing in this study due to incomplete patient
information or groups of too small sizes for robust statistical
analysis. Medication exposure represents an additional limita-
tion of the study, as several detected features were assigned
to drugs, drug metabolites, or other xenobiotic compounds.
Pharmaceuticals were not considered for any biological inter-
pretation but are included in Tables S3 and S4.
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4 | Conclusion

Herein, we describe the comprehensive metabolomics investi-
gation of human fecal, plasma, and urine samples. Our study
identifies early metabolic shifts associated with age, sex, and
importantly for the presence of cysts that have been investigated in
detail to the best of our knowledge for the first time. While further
validation of our findings in larger, longitudinal cohorts is needed,
these metabolic insights provide a solid foundation for future
investigations into pancreatic diseases. The combination of mul-
timatrix sampling, cofactor-adjusted statistics, and metabolite
classification-based interpretation offers a hypothesis-generating
framework for uncovering novel biomarker candidates in high-
risk populations and may support future validation studies in
pancreatic disease surveillance, as well as can be applied to
high-risk patients of other diseases.
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