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Abstract
Dovhalyuk, V. 2026. Analytical Strategies for Host-Microbiome Interaction Metabolomics
in Clinically Relevant Samples. From Detection Bias to Biological Interpretation. Digital
Comprehensive Summaries of Uppsala Dissertations from the Faculty of Science and
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The human metabolome reflects contributions from host metabolism, microbial activity,
environmental factors, and analytical methodology. Metabolites provide a direct readout of
biochemical processes and their alterations under different physiological and pathological
conditions. Liquid chromatography-mass spectrometry (LC-MS)-based metabolomics enables
the detection and comparison of these molecules across complex biological systems.

In this thesis, global LC-MS metabolomics was applied to investigate methodological and
biological determinants of metabolite profiles across controlled experimental systems and
human studies. The effects of sample preparation and storage on the fecal metabolome were
systematically evaluated. Metabolite recovery depended on the combination of extraction
strategy and storage conditions rather than a single optimal method. Double liquid extraction
(DLE) using DMSO-containing solvents improved recovery of small polar metabolites,
including amino acids and peptide derivatives. Methanol-based extraction methods performed
well under fresh sample conditions, while specific combinations, including methanol extraction
of lyophilized samples and prolonged methanol storage, reduced detection of nucleobase-
and vitamin-related metabolites. Fecal metabolomics was applied to autoimmune and chronic
pancreatitis. Metabolic differences were observed across metabolite classes, including amino
acids, peptide derivatives, and microbiota-associated metabolites, indicating shifts in gut-
associated metabolic processes.

The analysis was extended to feces, plasma, and urine in individuals at high risk of developing
pancreatic cancer. Metabolic alterations were not uniformly reflected across matrices. In
urine samples, broad variation with limited consistency were observed, while plasma had
less changes, and fecal samples exhibited the most structured alterations across diverse
metabolite classes. Metabolomics analysis was further applied to a controlled co-culture system
of commensal vaginal bacteria with pathogens. Metabolite increases depended on specific
bacterial combinations and were not resolved by global multivariate analysis alone. Pairwise
contrast analysis between co-cultures and corresponding mono-culture controls identified
interaction-dependent metabolites, including proline-containing dipeptides and heterocyclic
compounds such as β-carboline derivatives and urocanic acid, which demonstrated bioactivity
by modulating the growth of Lactobacillus crispatus, Gardnerella vaginalis, Prevotella bivia,
Candida albicans, Escherichia coli, and Staphylococcus aureus.

In summary, the results in this thesis from metabolomics analyses of different biological
sample types define methodological constraints affecting metabolite detection and characterize
context-dependent metabolic patterns across biological systems, biospecimens, and microbial
interactions.
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Introduction 

Systems-level biochemical science has advanced rapidly in recent decades, 
leading to a shift from reductionist approaches to system-level investigations 
aimed at understanding how multiple molecular layers interact within living 
systems. The development of high-throughput analytical technologies has 
brought scientific community one step closer the simultaneous analysis of 
large numbers of biomolecules, including DNA, RNA, proteins, and small 
molecules. Collectively referred to as “omics”, genomics, transcriptomics, 
proteomics, and metabolomics provide complementary perspectives on 
molecular systems (Figure 1).1  
 

 
Figure 1. Overview of omics layers illustrating the influence of genetic and 
environmental factors across molecular levels. Circles represent molecular pools, and 
arrows indicate potential inter-layer associations. Figure adapted from 1. 
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Genomics examines the genetic code of an organism, while transcriptomics 
describes how gene expression is regulated under specific conditions. 
Proteomics adds another layer by characterizing the protein machinery 
responsible for executing cellular functions.2 Together, these approaches 
describe the biological potential and regulation of cells, but they do not 
directly capture ongoing biochemical activity.3-5 
 
Metabolomics represents a downstream layer reflecting the integrated 
outcome of enzymatic processes, as well as physiological and environmental 
influences.6 As such, it is more closely associated with phenotype than 
upstream omics layers.7 While the genomic information is relatively stable, 
metabolite levels can fluctuate substantially in response to internal and 
external perturbations, making them sensitive indicators of the biological state 
of an organism or cell.8,9 At the same time, this proximity to phenotype 
introduces complexity, as metabolite levels are influenced by multiple 
interacting factors, including diet, microbiota, medication, and sample 
handling.10, 11 
 
Omics approaches have been increasingly integrated to provide a more 
comprehensive understanding of biological systems. By combining multiple 
omics strategies, it becomes possible to connect genetic information, 
regulatory mechanisms and functional outcomes, thereby improving 
mechanistic interpretation of biological processes.1, 12 In this context, 
metabolomics plays a key role in linking the molecular composition with 
functionally relevant outputs, particularly in complex systems such as host-
microbiome interactions and disease-associated metabolic alterations. 

Metabolomics as a functional readout 
Metabolomics investigates low molecular weight compounds (metabolites), 
typically below 1500 Da, within a living organism.6, 12 The metabolites can 
originate internally (endogenous), be part of dietary intake, arise from 
environmental exposures (exposome), or be produced by microorganisms. As 
intermediate or final products of various biochemical pathways, changes in 
the concentration of metabolites provide insight into cellular processes and 
physiology.13, 14 
 
Unlike other omics techniques that assess genetic capability or regulatory 
aspects of gene expression, metabolite measurements reflect both enzymatic 
activities and external environmental factors.15, 16 This makes metabolomics 
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well suited for studying dynamic biological systems affected by disease or 
environmental exposure.  In many cases, metabolic perturbations can be 
detected earlier than changes at the transcriptome or proteome level, providing 
a more immediate readout of system-level responses.17 
 
The metabolome comprises a large and chemically diverse set of compounds, 
varying widely in polarity, molecular weight, and concentration.18, 19 As a 
result, no single analytical platform can capture the entire metabolome and 
compromises between coverage, sensitivity, and specificity are required. The 
measured metabolome is influenced by both biological variabilities, such as 
diet and lifestyle, as well as technical variability arising during sampling, 
storage, and sample preparation.20, 21 A known bottleneck in metabolomics is 
the confident identification of detected features. While untargeted analyses 
can detect large numbers of signals, only a subset can be reliably identified or 
annotated. Standardized criteria have therefore been established to define 
levels of identification confidence. The Metabolomics Standards Initiative 
introduced a classification system ranging from confirmed identification using 
reference standards (level 1) to unknown compounds (level 5), providing a 
framework for consistent reporting of metabolomics data (Figure 2).22 

 
Figure 2. Identification confidence levels in in high resolution mass spectrometric 
metabolomics analysis. Adapted from 22. 



 

 14 

LC-MS-based metabolomics 
Among the available analytical platforms, liquid chromatography coupled 
with mass spectrometry (LC-MS) has become one of the most widely applied 
techniques in metabolomics due to its high sensitivity, versatility, and broad 
metabolite coverage.23 The combination of chromatographic separation and 
mass spectrometry-based detection allows analysis of complex biological 
matrices with high resolution and a high dynamic range.24 

 
Ultra-high-performance liquid chromatography (UHPLC) enables efficient 
separation of metabolites prior to mass spectrometric detection. Separation is 
based on physicochemical properties such as polarity, hydrophobicity, and 
interaction with the stationary phase. Reversed-phase chromatography is 
commonly used for non-polar and moderately polar compounds including 
fatty acids such as stearidonic acid and more hydrophobic metabolites like 
solanidine observed in this work. Hydrophilic interaction chromatography 
(HILIC) is applied for more polar metabolites, such as amino acids, 
nucleobases, and small peptides, including compounds like 4-
guanidinobutanoic acid and methylthioadenosine sulfoxide, thereby 
expanding metabolome coverage.25 

 
Following chromatographic separation, metabolites must be ionized before 
entering the mass analyzer, most commonly using electrospray ionization 
(ESI). ESI is a soft ionization technique that generates gas-phase ions from 
liquid-phase analytes by forming and desolvating charged droplets. This 
process allows ionization to occur with minimal fragmentation, making ESI 
particularly suitable for labile and polar metabolites. 

 
Once generated, ions are transferred into the mass analyzer, where they are 
separated by their mass-to-charge ratio (m/z). In quadrupole time-of-flight (Q-
ToF) instruments, this process is achieved through a combination of two 
analytical components. The quadrupole functions as a mass filter, enabling 
selection or transmission of ions within a defined m/z range. These ions are 
subsequently introduced into the ToF analyzer, where separation is based on 
ion flight time under an applied electric field. Lighter ions reach the detector 
more rapidly than heavier ones, allowing accurate determination of m/z 
values. 
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Figure 3. Schematic overview of the Bruker Maxis II Q-ToF mass spectrometer. 
Figure from 26. 

The Q-ToF architecture enables high mass accuracy and resolution, which are 
critical for distinguishing metabolites with closely related m/z values and for 
supporting reliable feature annotation (Figure 3).26 In addition, Q-ToF 
instruments support tandem mass spectrometry (MS/MS) experiments. In this 
mode, selected precursor ions are isolated and subjected to fragmentation, 
generating product ion spectra that provide structural information about the 
parent compound. These spectra can be matched against spectral libraries or 
compared with in silico predictions to support metabolite identification and 
annotation. However, LC-MS-based metabolomics is associated with several 
analytical challenges. Matrix effects, including ion suppression and ion 
enhancement, can influence ionization efficiency and introduce a quantitative 
bias. Variability in sample preparation and extraction efficiency further 
contributes to technical variation, while chromatographic behaviour may 
differ across metabolites with diverse physicochemical properties. Together, 
these factors can affect reproducibility and metabolome coverage, and must 
be carefully controlled during experimental design and data processing. 

Microbiome and host interaction 
Complex and dynamic communities of microorganisms reside on and inhabit 
the human body. They can be found almost at every corner of the human body. 
This includes the gastrointestinal tract, oral cavity, skin, and urogenital 
system. These collections of microorganisms are collectively referred to as 
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"microbiota." Their presence is crucial for numerous physiological functions 
and biological processes that occur throughout the lifetime of an individual. 
In terms of sheer numbers of organisms per unit volume and metabolic 
activity, the gastrointestinal tract has the largest number of the most densely 
packed and metabolically active microbial ecosystems, which include trillions 
of microorganisms coexisting with each other in a very high-energy and 
interactional environment. 
 
The genetic capacity of the microbiota is estimated to substantially exceed that 
of the human genome, with microbial genes outnumbering host genes by a 
factor of 150.27, 28 This expanded genetic repertoire enables the microbiota to 
perform metabolic functions not encoded by the host, such as degrading 
otherwise indigestible dietary components and synthesizing bioactive 
molecules. As a result, the microbiota functions as an additional metabolic 
organ, extending the host's biochemical capabilities.29 
 
Microbial communities benefit host physiology via mechanisms such as 
nutrient metabolism, immune modulation, and maintenance of epithelial 
barrier integrity.30, 31 Metabolites produced by the microbiota, including short-
chain fatty acids, bile acid derivatives, and amino acid metabolites, can act 
locally within the gut or enter systemic circulation. Once in circulation, these 
metabolites can influence distant organs and signaling pathways. Thus, they 
act as key mediators of the host-microbiome interaction (Figure 4). 
 

 
Figure 4. Schematic representation of gut microbiota interactions with dietary 
metabolites. Some dietary and bacterial metabolites are absorbed into the 
bloodstream. In the large intestine, unabsorbed metabolites serve as substrates for gut 
microbiota, supporting bacterial growth and metabolic activity. 

 
While the gut microbiota has historically received the most attention, 
microbial communities in different organs also play important roles in human 
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health. The oral microbiome contributes to the initial stages of digestion and 
has been associated with systemic diseases, including cardiovascular 
conditions and cancer.32, 33 The skin microbiome participates in immune 
defence and barrier function, while the vaginal microbiome represents a 
specialized ecosystem that is linked to reproductive health and susceptibility 
to infections.34-37 
 
Changes in how microbes work and their relative abundance (microbiome 
dysbiosis) have also been linked to many health issues, including obesity, 
inflammation, and cancer.38, 39 While changes in who is present in an 
ecosystem may help us understand some aspects of disease development, they 
do not provide a complete understanding of the underlying biological 
processes. There are several examples in which two individuals might have 
the same microbial community but still exhibit different levels of activity by 
those microorganisms. 
 
In this context, metabolomics provides a powerful approach to investigate 
host-microbiome interactions by capturing the combined metabolic output of 
host and microbial processes. The metabolite pool observed in biological 
samples represents contributions from host metabolism, microbial 
transformations, and dietary inputs. This combined representation allows 
metabolomics to reveal functional changes that may not be apparent from 
compositional data alone. 

Fecal metabolomics and methodological considerations 
Fecal samples represent a unique and information-rich biological matrix for 
metabolomics studies, providing direct access to metabolites derived from the 
gastrointestinal environment.40 Unlike blood or urine, which reflect systemic 
circulation, fecal material contains a high proportion of microbial-derived 
compounds as well as unabsorbed dietary components and host-derived 
metabolites.25, 41-43 This makes fecal metabolomics particularly interesting for 
investigating the metabolic host-microbiome interactions and gut-associated 
metabolic processes. 
 
The fecal metabolome reflects the combined effects of microbial metabolism, 
host physiology, and dietary inputs. Microbial transformations contribute 
significantly to the chemical diversity observed in fecal samples, including the 
production of short-chain fatty acids, secondary bile acids, and a wide range 
of amino acid-derived metabolites. At the same time, host processes such as 
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digestion, secretion, and epithelial turnover influence metabolite composition, 
further increasing matrix complexity. 

 
Despite high biological relevance, fecal metabolomics faces many unsolved 
analytical challenges. The matrix is highly heterogeneous, both chemically 
and physically, containing compounds with different polarities, 
concentrations, and stability profiles.44-46 This heterogeneity complicates 
extraction and analysis, as no single method can efficiently recover all 
metabolite classes. As a result, the observed metabolome is strongly 
influenced by methodological choices. 
 
One key challenge is that fecal samples remain metabolically active after the 
sample collection due to ongoing microbial bioactivity. Enzymatic processes 
can continue during storage and handling, leading to degradation or 
transformation of metabolites.44, 47, 48 These post-sampling changes can 
introduce metabolic variabilities that are unrelated to biological differences 
between samples. These factors complicate the data interpretation. 
 
Sample preparation is therefore a critical determinant of the study outcome for 
the metabolomics data processing. Different extraction strategies, including 
solvent-based extraction and mechanical homogenization, can preferentially 
recover distinct subsets of metabolites. For example, polar extraction 
approaches may favour amino acids and small polar compounds, while more 
vigorous homogenization or organic solvent-based methods may improve 
recovery of lipophilic metabolites. Importantly, these differences do not 
necessarily indicate superiority of one method over another but rather reflect 
trade-offs between metabolite classes. 
 
In this context, the concept of a single “optimal” sample preparation method 
becomes problematic. Instead, methodological choices define the analytical 
window through which the metabolome is observed. This includes sample 
collection challenges, such as home collection, transition time, sample 
delivery.49  As demonstrated in this work, different preparation protocols can 
yield distinct metabolite profiles, highlighting that the measured metabolome 
is to a large factor method-dependent. This has important implications for the 
study design, data comparability, and interpretation of the results across 
different studies. 
 
Additional factors, such as freeze-drying, solvent composition, and storage 
conditions, additionally affect metabolite stability and extraction efficiency.50 
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Freeze-drying can alter the physical structure of the sample matrix, likely 
affecting solvent accessibility and metabolite recovery. Similarly, storage in 
organic solvents may preserve certain compounds while promoting 
degradation of others. 

Biomarkers and disease context 
The identification of reliable biological markers (biomarkers) is a central 
objective in metabolomics research, particularly in the context of complex and 
heterogeneous diseases.51 Biomarkers can reflect underlying biological 
mechanisms, support disease classification, and enable earlier diagnosis or 
monitoring of disease progression. In metabolomics, biomarkers are typically 
defined as small molecules or metabolic patterns that are consistently 
associated with a specific physiological or pathological state.3 Biomarkers 
represent measurable molecular entities that reflect normal biological 
processes, disease mechanisms, or responses to therapeutic interventions.52 
 
However, biomarker discovery in metabolomics is inherently challenging due 
to the high dimensionality of the data, biological variability between 
individuals, and the influence of environmental and methodological factors.53 
Observed differences in metabolite levels may arise from multiple sources, 
including diet, microbiota composition, medication, and sample handling, 
complicating the identification of disease-specific signatures.54 As a result, 
robust experimental design and careful validation are essential for translating 
metabolomic findings into clinically relevant biomarkers. Despite extensive 
attempts of many omics-strategies the identification of clinically robust 
biomarkers has remained widely limited, with many proposed candidates 
failing to translate beyond discovery cohorts. 
 
Pancreatic diseases represent a particularly relevant application area for 
metabolomics-based biomarker discovery (Figure 5). Pancreatic cancer is 
among the most lethal malignancies, largely due to the lack of early diagnostic 
markers and the asymptomatic nature of early disease stages.55, 56 It is 
characterized by rapid progression, early metastasis, and pronounced 
resistance to therapy, with a five-year survival rate typically below 10%.56-61 
Diagnosis often relies on imaging followed by invasive procedures such as 
biopsy, which are limited in sensitivity and are usually performed at advanced 
stages of disease. Chronic pancreatitis and autoimmune pancreatitis further 
complicate clinical diagnosis, as they can be present with overlapping 
symptoms and imaging features.62-68 Chronic pancreatitis is associated with 
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long-term inflammation and irreversible structural damage to the pancreas, 
while autoimmune pancreatitis represents an immune-mediated form that can 
clinically mimic pancreatic cancer but responds well to steroid therapy.69-73 
Distinguishing between these conditions is critical for appropriate treatment 
but remains challenging using current diagnostic approaches.74 This 
diagnostic ambiguity often needs invasive investigations and contributes to 
delays or misdiagnosis. 
 

 
Figure 5. Overview of major pancreatic diseases. 

 
Metabolomics investigations provide a promising tool for detecting disease-
associated metabolic alterations. Changes in metabolic pathways related to 
inflammation, immune response, and microbial activity have been observed 
in pancreatic diseases, reflecting underlying pathophysiological processes.75, 

76 Previous metabolomics studies in pancreatic diseases have mainly focused 
on serum and plasma, where recurrent alterations have been reported in amino 
acid, lipid, bile acid, and energy metabolism. Across multiple studies om 
pancreatic cancer, glutamic acid and histidine were frequently reported 
candidate biomarkers, followed by glutamine and isoleucine.77 Serum 
metabolomic models proofed capable achieving 86.0% sensitivity and 88.1% 
specificity in the training cohort, and 71.4% sensitivity and 78.1% specificity 
in validation, with improved discrimination of pancreatic cancer from chronic 
pancreatitis.78 Acute pancreatitis metabolomics studies have likewise 
identified disturbed amino acid, lipid, and energy metabolism, indicating that 
broad systemic metabolic disruption is a common feature across pancreatic 
disorders.79 However, recent systematic reviews emphasize that translation to 
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the clinic remains limited by methodological heterogeneity, small cohorts, 
variable biospecimens and analytical platforms, and insufficient external 
validation.80  
 
 In contrast, metabolites derived from host-microbiome interactions may 
provide additional discriminatory power, linking metabolic alterations to both 
host and microbial contributions.81 There is evidence that pancreatic cancer is 
associated with microbiome dysbiosis, including the presence of bacteria 
within pancreatic tissue and precursor lesions, as well as shifts in microbial 
composition that correlate with disease progression and patient survival.82-87 
Notably, microbial composition rather than total abundance appears to be 
linked to pancreatic carcinogenesis, suggesting that specific taxa and their 
metabolic activity are functionally relevant. While several studies have 
identified disease-associated bacterial taxa, and recent metabolomics 
investigations have substantially expanded the catalog of microbiota-
associated metabolites and their correlations with microbial composition, the 
mechanistic and causal relationships governing microbiota-host metabolite 
exchange remain incompletely characterized.88, 89 Microbiome-associated 
metabolites therefore provide a more direct functional readout of host-
microbiota interactions and represent a mechanistically grounded strategy, 
with the potential to capture disease-relevant biochemical interactions that are 
not accessible through microbiome composition or host-derived metabolites 
alone. 
 
The integration of metabolomics with other omics approaches and clinical 
data has a high potential to improve biomarker discovery and enhance 
understanding of disease mechanisms. However, achieving this requires 
accounting for both biological context and analytical methodology, including 
metabolite identification confidence, sample preparation, and data 
interpretation. These aspects are addressed throughout this thesis, with a focus 
on linking methodological rigor to biological insights in the study of 
microbiome-associated metabolic alterations. 
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Aims 

The overall aim of this thesis was to develop and apply analytical and 
metabolomics-based strategies to investigate host-microbiome metabolic 
interactions and to identify metabolic signatures associated with pancreatic 
diseases. The detailed aims of the studies were: 

 
I. Evaluation of the impact of sample preparation and storage 

conditions on the fecal metabolome coverage and stability, and to 
establish a methodological basis for robust and reproducible 
metabolomics analyses. 

II. Characterization of fecal metabolic alterations to compare two 
different pancreatic diseases, autoimmune and chronic 
pancreatitis. 

III. Identification of metabolic fingerprints of individuals with 
pancreatic diseases, particularly those at high risk of pancreatic 
cancer development across multiple biological matrices. 

IV. Characterization of metabolic differences between commensal and 
opportunistic microbiota in bacterial co-cultures. Identification of 
candidate metabolites from commensal bacteria for in vitro 
bioactivity assays against dysbiosis-associated pathogens. 
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Methods 

General 
All reagents and solvents were purchased from Sigma-Aldrich or Fisher 
Scientific unless otherwise stated and were used without further purification. 
LC-MS or HPLC grade solvents and Milli-Q water were used throughout all 
experiments. Samples were concentrated under reduced pressure using a 
SpeedVac Concentrator Plus System (Eppendorf, Hamburg, Germany) or 
freeze-dried using a FreeZone 4.5 L benchtop freeze dryer (Labconco). 
Centrifugation was performed either at 4 °C (Eppendorf Centrifuge 5430R) or 
at room temperature (Eppendorf MiniSpin G), depending on the experimental 
requirements. Additional methodological details are provided in the individual 
manuscripts and their corresponding Supplementary Information. 

Human Cohorts 
Fecal samples for Paper I were collected from a healthy volunteer across 
multiple consecutive sampling days. No additional metadata was recorded for 
this study. 
 
Fecal samples for Paper II were obtained from individuals clinically 
characterized with AIP and chronic pancreatitis CP, as described in the 
corresponding manuscript. Sample collection was performed at Karolinska 
University Hospital (Stockholm, Sweden) between 2001 and 2023 using 
routine F-elastase sampling procedures. Samples were stored at −80 °C until 
analysis. Relevant metadata, including age, sex, and diagnostic classification, 
were recorded for downstream statistical analysis. 
 
For Paper III, fecal, plasma, and urine samples were collected from 
individuals at high risk of pancreatic cancer enrolled in a longitudinal 
surveillance program. Urine samples were collected at the initial visit, which 
also included pancreatic MRI screening and metadata acquisition. Plasma 
samples were collected from a subset of participants at the same time point. A 
second visit was conducted approximately six months later, during which 
additional samples were obtained. Fecal samples were collected from a subset 
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of participants during the study period. All samples were collected under 
standardized clinical protocols and stored at −80 °C prior to analysis. 
 
Human samples used in Paper IV were not included in this thesis, as this 
study was based on in vitro microbial co-culture experiments of clinical 
isolates. 

Ethical approvals 
All human samples were obtained in accordance with the World Medical 
Association Declaration of Helsinki, and all patients gave written informed 
consent. 

 
Paper I 
Fecal samples were obtained from a healthy individual with informed consent. 
An ethical review statement was not necessary under the Swedish Ethical 
Review Act (lag (2003:460) om etikprövning av forskning som avser 
människor), as samples were given voluntarily, fecal sampling is non-invasive 
and non-traceable to the individual, and no personal information was used. 

 
Paper II-III 
Approval for the study was obtained from the ethical committee at Karolinska 
University Hospital (ethical approval number: Dnr2017/290-31 and 
Dnr2021/03879). Plasma and fecal samples were collected using routine 
clinical collection protocols, and all patient codes have been removed in this 
publication. All samples were stored at −80 °C. 
 
Paper IV 
Ethical permissions 2017/725-31, 2019-04201, 2021-01847, 2022-04081-
02, and 2023-04703-02 were obtained from the Stockholm Regional Ethics 
Committee. 

Sample preparation 

Fecal sample preparation 
Double liquid extraction (DLE) workflow was used in Paper II and Paper 
III. Fecal samples were handled on dry ice or without thawing prior to 
extraction. Small amounts of frozen material were transferred into Eppendorf 
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tubes and freeze-dried overnight. Dry samples were weighed, and aliquots 
fitting in the 12-120 mg dry mass range were used for extraction. A 5% 
DMSO-water solution was added to achieve a final concentration equivalent 
to 60 mg dry fecal material per mL. Samples were homogenized by vigorous 
shaking and 5 min sonication, followed by centrifugation at 13,400 rpm for 5 
min. The supernatant was collected and normalized by volume according to 
the smallest extract volume across the sample set. Aliquots were freeze-dried 
overnight and stored at −20 °C for a maximum of three days prior to the 
second extraction step. A pooled quality control (QC) sample was prepared 
by combining a ten-fold lower aliquot volume from each sample. These QC 
samples were processed in parallel. 
 
For the second extraction step, dried aliquots were reconstituted in 50 µL 
Milli-Q water. Due to the volume difference between before drying and after 
reconstitution, an implicit concentration effect may occur. Ice-cold LC-MS 
grade methanol (240 µL) and 10 µL of internal standard (IS) mixture were 
added. The IS mixture consisted of 13C9,15N-labeled tyrosine (5 µg/mL), 
phenylalanine (10 µg/mL), and 13C5-labeled valine (30 µg/mL) and was used 
throughout all studies. Samples were vortexed briefly and incubated at −20 °C 
for 1 h for protein precipitation, followed by centrifugation at 13,400 rpm for 
5 min. The supernatants were isolated, dried using a SpeedVac, and stored at 
−20 °C until UHPLC-MS analysis. Prior to injection, samples were 
reconstituted in 50 µL of a 5% acetonitrile (ACN)-water solution, centrifuged 
again, and the supernatants were transferred to LC-MS vials. 
 
In Paper I, the same DLE workflow was used as one of the evaluated fecal 
preparation protocols. Freshly collected stool material was manually 
homogenized, and approximately 60 mg aliquots were distributed into 
preloaded tubes. All tubes in this experiment were spiked with 5 μL of IS 
mixture and dried in SpeedVac prior to stool collection. Depending on the 
condition, aliquots were either immediately placed in −80 °C or freeze-dried 
overnight. Freeze-dried samples were either moved to −80 °C and prepared 
prior to analysis or prepared prior to long-term storage and reconstituted prior 
to analysis. 
 
Another sample preparation protocol that was evaluated was methanol 
homogenization with the FastPrep bead-beating workflow with Lysing Matrix 
D and Lysing Matrix E. For the FastPrep-based protocols evaluated in Paper 
I, fresh or freeze-dried fecal aliquots were mixed with 100% methanol at a 
ratio of 4 µL methanol per mg of fresh fecal material. For Lysing Matrix D 
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conditions, homogenization beads were added to standard Eppendorf tubes in 
a 1:1 sample mass ratio. For Lysing Matrix E conditions, commercial FastPrep 
tubes preloaded with beads were used. Samples were homogenized in a 
FastPrep instrument at 4 m/s for three cycles consisting of 20 s shaking and 
30 s resting. Supernatants were then transferred to new tubes, incubated at −20 
°C for 1 h, centrifuged, and dried by SpeedVac. Final reconstitution was 
performed in 5% ACN-water solution using a volume normalized to sample 
mass. Fresh, dry, methanol-stored, homogenized-stored, and fully prepared 
long-term storage conditions were evaluated within this workflow. 

Plasma and urine sample preparation 
Plasma and urine samples were prepared using a methanol precipitation 
workflow in Paper III. For each sample, 50 µL aliquots were transferred into 
Eppendorf tubes and mixed with 10 µL of the IS mixture. Four volumes of 
ice-cold LC-MS grade methanol (240 µL) were then added to precipitate 
proteins. Samples were vortexed briefly, incubated at −20 °C for 1 h, then 
centrifuged at 13,400 rpm for 5 min. The supernatants were collected and 
dried under vacuum using a SpeedVac. Dried extracts were stored at −20 °C 
until UHPLC-MS analysis. Prior to injection, samples were reconstituted in 
50 µL 5% ACN-water solution, centrifuged, and the supernatants were 
transferred to LC-MS vials. Pooled QC samples were prepared and processed 
in parallel by combining 10 μL aliquots from each sample to the QC tube. QC 
tube volume was split into multiple 50 µL QC tubes and processed as sample 
tubes. At the end of sample preparation, QC tubes were pooled back into a 
single vial prior to analysis.  

Bacterial sample preparation 
In Paper IV, metabolomics analysis was performed for bacterial culture 
supernatants obtained from co-cultures of vaginal commensal bacteria and 
pathogens. After 24 h of anaerobic incubation, cultures were pelleted, and the 
supernatants were collected following filtration through 0.2 µm filters to 
remove residual cells. Filtered supernatants were mixed with four volumes of 
ice-cold methanol and stored at −80 °C until metabolomics sample 
preparation. Upon the metabolomics sample preparation day, 500 µL of the 
sample was aliquoted into an Eppendorf tube and centrifuged at 13,400 rpm 
for 5 min. 10 µL of every sample was combined to create a QC sample. 400 
μL of supernatant was transferred to a new Eppendorf tube, and 20 μL of IS 
mixture was added. The mixture was dried under vacuum in the SpeedVac, 
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and the dried pellets were redissolved in 50 μL of 5% ACN-water solution 
prior to analysis. 

UHPLC-MS/MS analysis 

Instrumentation 
All analyses were performed using an Elute UHPLC system (Bruker 
Daltonics, Bremen, Germany) coupled to a Bruker Maxis II ETD quadrupole 
time-of-flight (Q-ToF) mass spectrometer equipped with an electrospray 
ionization (ESI) source. Chromatographic separation was carried out using a 
Waters Acquity UPLC HSS T3 column (1.8 μm particle size, 100 × 2.1 mm). 

Chromatographic conditions 
Mobile phase A consisted of water with 0.1% formic acid, and mobile phase B 
consisted of methanol with 0.1% formic acid. The column temperature was 
maintained at 40 °C, and the autosampler temperature was set to 5 °C. The 
flow rate was 0.2 mL/min, and the injection volume was 5 μL. The gradient 
used was as follows: 0–2 min, 0% B; 2–15 min, 0–100% B; 15–16 min, 100% 
B; 16–17 min, 100–0% B; 17–21 min, 0% B. The system was controlled 
using the Compass HyStar software package from Bruker (Bruker Daltonics, 
Germany).  

Mass spectrometric acquisition 
Mass spectrometric data were acquired in both positive and negative 
ionization modes using electrospray ionization. Data were recorded over an 
m/z range of 50-1200. Data-dependent acquisition (DDA) was performed 
using the AutoMSMS mode, with a cycle time of 0.5 s and a ramped collision 
energy from 20 to 50 eV. Internal calibration was performed using a sodium 
formate cluster solution introduced via a calibration segment at the beginning 
of each run. Calibration accuracy was monitored to ensure mass deviations 
remained within 1 ppm. 

Sequence design and quality control 
Samples were injected in a randomized order. A pooled QC sample was 
prepared by combining aliquots from all samples and was injected at the 
beginning and at the end of the sequence. Furthermore, the QC sample was 
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injected after every eight injections throughout the run, for a total of at least 6 
QC injections. Instrument stability and analytical reproducibility were 
assessed by monitoring the response of internal standards and QC samples 
across the sequence. Technical duplicates were injected in Paper IV. 

Data preprocessing and normalization 

Raw data conversion and feature extraction 
Raw LC-MS data files were converted to mzML format using MSConvert 
(ProteoWizard). Data processing was performed using in-house R scripts 
based on the XCMS package (version 4.2.1).90, 91 Peak detection, retention 
time correction, and alignment were conducted separately for positive and 
negative ionization modes. Feature detection was performed using the 
centWave algorithm, followed by retention time alignment and feature 
grouping across samples to generate a feature matrix defined by m/z and 
retention time pairs. Isotope annotation and filtering were performed using the 
CAMERA package to reduce redundancy in detected features.92 Additional 
filtering steps included removal of features outside the 1-18 min retention time 
window. Internal standard signals were monitored throughout the dataset to 
assess analytical performance. The intensity of internal standards was plotted 
across the injection sequence, and their coefficient of variation (CV) was 
evaluated prior to further data processing. 

Normalization and feature filtering 
Signal drift and systematic variation were corrected using the Systematic Error 
Removal using Random Forest (SERRF) normalization algorithm applied to 
pooled QC samples.93 Following normalization, features were filtered based 
on intensity and reproducibility criteria. Only features exceeding 20,000 
intensity threshold in the positive ionisation mode and 10,000 in the negative 
ionisation mode were retained. In addition, features were required to meet QC-
based reproducibility criteria, defined as a relative standard deviation (RSD) 
threshold of less than 30%, calculated from pooled QC injections. 

 
Blank matrix samples in Paper IV were included in triplicate and processed 
identically to study samples throughout extraction, acquisition, and data 
preprocessing. Following SERRF normalization, feature-wise background 
signals were estimated as the mean intensity across blank samples. These 
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values were subtracted from the corresponding features in all biological 
samples. Resulting negative intensities were set to zero prior to downstream 
analysis. 

Data transformation 
Prior to multivariate analysis, data were log-transformed and autoscaled 
(mean-centering and unit variance scaling). These transformations were 
applied specifically for exploratory analyses such as principal component 
analysis (PCA). For univariate and regression-based analyses, raw intensity 
values were used without transformation. 

Statistical analysis 
 
Statistical analyses were performed using R (R Foundation for Statistical 
Computing, Vienna, Austria) and associated packages. Data visualization was 
performed using ggplot2 and related libraries.94 
No imputation of missing values was performed. Features with insufficient 
signal or inconsistent detection were removed during quality control filtering. 
In cases where zero intensities resulted in undefined statistical parameters 
(infinite fold change or non-estimable p-values), such features were excluded 
from downstream statistical interpretation. 

Exploratory analysis 
Exploratory data analysis was conducted to assess data structure, identify 
potential outliers, and evaluate analytical stability. PCA was performed to 
visualize global variation across samples. Technical quality control was 
assessed by monitoring clustering of pooled QC samples, as well as by 
evaluating the stability of internal standards within QC samples and across the 
analytical sequence. Additional overview visualizations, including intensity 
distributions and feature count summaries, were used to assess data 
consistency across sample groups. 

Univariate and model-based analysis 
The effects of sample preparation and storage conditions on metabolite 
intensities in Paper I were evaluated using linear regression models that 
included relevant experimental factors. Estimated marginal means were 
calculated using the emmeans R package to enable pairwise comparisons 
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between conditions.95 Feature-level metrics, including selectivity and 
sensitivity, were derived based on consistency of detection and reproducibility 
across experimental conditions. 

 
To evaluate methodological performance in Paper I, several feature-level 
metrics were defined. Stable features were identified as those with an average 
intensity greater than 20,000 ion counts and a relative standard deviation 
(RSD) below 30% within a given sampling day and experimental condition. 
Selectivity was defined as the breadth of metabolite detection and quantified 
as the number of stable features per condition and sampling day. Sensitivity 
was defined as the typical signal intensity of detectable metabolites within a 
given condition and was quantified, for each sampling day and condition, as 
the median of the average intensities of all stable features passing the filtering 
criteria. These metrics were used to compare methodological performance 
across different sample preparation and storage strategies. 
 
In Paper II, group-wise comparisons between AIP and CP patient groups 
were performed using Welch’s two-tailed t-test. Fold changes were calculated 
based on group means. Features were considered significantly altered if they 
met both statistical and magnitude criteria, defined as a p-value below 0.05 
and a fold change greater than 1.5 or lower than 0,667 (1/1.5). 

 
Associations between metabolite levels and clinical variables in Paper III 
were assessed using linear regression models adjusted for relevant cofactors, 
including age and sex. Pearson correlation analysis was used to evaluate 
relationships between metabolite intensities and continuous variables such as 
age. For categorical variables, including sex and pancreatic cyst status, fold 
changes between groups were calculated. Receiver operating characteristic 
(ROC) curve analysis was performed to evaluate the discriminative 
performance of selected metabolites. Model performance was assessed using 
area under the curve (AUC) values, with five-fold cross-validation applied to 
evaluate robustness. 
 
Metabolic differences across bacterial co-culture conditions in Paper IV were 
evaluated using a contrast-based statistical framework, where contrasts refer 
to predefined group comparisons reflecting specific biological scenarios. The 
dataset comprised 15 groups representing mono-cultures and all co-culture 
combinations of five bacterial species. For each predefined comparison, 
features were initially filtered based on fold change criteria. A minimum fold 
change threshold of >1.5 or <1/1.5 was applied at the level of individual group 
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comparisons. For aggregated contrasts, features were required to exhibit a 
consistent direction of change across all groups within each comparison set. 
This was needed that all groups in one set showed higher or lower intensities 
relative to all groups in the opposing set. Following prefiltering, statistical 
testing was performed using group-wise comparisons tailored to each contrast. 
These included direct pairwise comparisons, aggregated group comparisons, 
and Dunnett tests in which multiple groups were compared against a reference 
condition. Only features passing the fold change consistency criteria were 
subjected to statistical testing. Multiple comparisons within a defined contrast 
set were controlled using family-wise error correction. 

Metabolite annotation and identification 
 
Metabolite annotation was performed using a multi-level workflow 
combining accurate mass matching, MS/MS spectral interpretation, in silico 
prediction, and reference standard confirmation. Annotation strategies were 
applied consistently across all studies, with additional targeted validation 
performed for selected compounds of interest. 

Putative annotation 
Initial metabolite annotation was performed based on high-resolution mass-
to-charge ratio, retention time, and MS/MS fragmentation patterns obtained 
from data-dependent acquisition (AutoMS/MS). Feature lists were screened 
against public and in-house spectral databases, including MassBank, HMDB, 
and MoNA where available.40, 96 Accurate mass matching was performed 
within 10 ppm tolerance limit, and MS/MS spectra were evaluated through 
comparison to experimental or predicted fragmentation patterns. Retention 
time information was used when comparing across internal datasets acquired 
under identical chromatographic conditions. In silico annotation was 
performed using SIRIUS (version 5 or 6, study specific), which integrates 
molecular formula prediction with fragmentation tree analysis.97 Candidate 
structures were ranked based on fragmentation consistency, isotope pattern 
matching, and scoring metrics. 
 
Class-level annotation was performed using CANOPUS, as implemented 
within the SIRIUS framework.98 NPClassifier pathway, superclass and class 
levels with prediction probability ≥ 0.95 were retained.99 
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Standard-based confirmation 
Selected metabolites of interest were confirmed using authentic reference 
standards. Standards were analysed under identical LC-MS conditions as 
biological samples, including chromatographic separation and mass 
spectrometric acquisition parameters. Confirmation was based on matching of 
retention time and MS/MS fragmentation spectra between the standard and 
the corresponding feature in biological samples. Where applicable, peak shape 
and co-elution behavior were also evaluated. Only compounds meeting these 
criteria were considered structurally confirmed. 

Confidence level assignment 
Metabolite annotations were classified based on established reporting 
guidelines by Schymanski et al. framework.22 

 
Level 1: Confirmed structure based on comparison with an authentic standard 

 
Level 2: Putatively annotated compounds based on spectral similarity and/or 
in silico fragmentation (MS/MS fragmentation match) 

 
Level 3: Putatively characterized compound classes based on diagnostic 
fragmentation patterns or CANOPUS classification  

 
Level 4: Unknown features with reproducible signals but no reliable structural 
or class annotation  
 
In some studies, level 2 was additionally refined into level 2a (spectral 
similarity with experimental spectra) and 2b (in silico predicted fragmentation 
pattern) 
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Results and Discussion 

This thesis investigates microbiome-associated metabolic alterations in 
human diseases using LC-MS-based metabolomics, combining 
methodological development with application to clinical and model systems. 
In Paper I, we systematically evaluated the impact of sample preparation and 
storage conditions on the fecal metabolome to establish a robust analytical 
framework. In Paper II, we applied fecal metabolomics to investigate 
metabolic differences associated with autoimmune pancreatitis and chronic 
pancreatitis. Paper III extended this approach by incorporating a multi-
biospecimen design to characterize metabolic signatures in individuals at high 
risk of pancreatic cancer across plasma, urine, and fecal samples. The scope 
of the thesis was then expanded in Paper IV to an in vitro co-culture model 
of vaginal commensal microbiota and pathogens, enabling investigation of 
metabolite-level interactions between commensal and opportunistic bacterial 
species. The identification of candidate upregulated compounds was validated 
by selective antimicrobial activity assays. 

Analytical determinants of the fecal metabolome 
Fecal metabolomics is particularly sensitive to pre-analytical variations, as the 
matrix combines chemical and physical heterogeneity with microbial activity 
and variable water content. These characteristics have multiple aspects, where 
sample handling can affect the detectable metabolome. This influence is not 
limited to signal intensity but also includes the selective loss or enrichment of 
specific metabolites and metabolite classes. Long-term storage adds 
complexity, as samples are often preserved under conditions that derive from 
earlier sampling or preparation steps. This raises a practical question of 
whether preparation and storage can be treated independently, or whether their 
effects are inherently coupled. 
 
We have investigated two contrasting sample preparation strategies. One 
approach is based on freeze-drying followed by methanol extraction. It was 
developed within the laboratory to standardize fecal samples and align them 
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with plasma/urine extraction workflows. The alternative approach follows a 
tissue extraction protocol, where fresh material is homogenized directly in 
high methanol content using a lysing matrix. These strategies differ in solvent 
composition, physical disruption, and how much of the native sample liquid 
phase is preserved during extraction. The central question is whether these 
differences lead to comparable representations of the fecal metabolome, and 
how they interact with storage conditions used in large-scale studies. 
Table 1. Sample preparation and storage conditions. 

 
 
In Paper I, we aimed to evaluate key preparation and storage factors in fecal 
samples (Paper I, Figure 1). The study design includes eleven conditions that 
cover different combinations of extraction methods, lyophilization, and 
methanol storage. These were evaluated across seven sampling days in 
biological triplicates. Rather than implementing a fully factorial design, 
combinations were selected to capture the most relevant contrasts while 
keeping the analytical sequence manageable (Table 1). 
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Global characteristics of metabolite detection across preparation 
conditions 
 
The initial comparison focused on how preparation conditions influence the 
number and stability of detected features. To reduce the contribution of 
stochastic signals, features were filtered based on intensity and reproducibility 
criteria, retaining those consistently detected within each condition. This 
resulted in between 1 × 103 and 5 × 103 stable features depending on the 
preparation workflow. A clear separation was observed between 
homogenization-based conditions (Paper I, Figure 2A). Samples processed 
by direct homogenization in methanol resulted in higher numbers of detectable 
features when analysed in their fresh state, whereas the incorporation of a 
lyophilization step consistently reduced feature recovery. DLE conditions 
formed a separate cluster with intermediate numbers of stable features. A 
similar pattern was observed for signal intensity. Median intensities varied 
within 6 × 104 and 8 × 104 across conditions (Paper I, Figure 2B), but the 
overall ranking remained similar to feature coverage. Conditions associated 
with higher numbers of detected features also tended to show higher median 
intensities, with only minor shifts in the relative order of individual conditions 
(Paper I, Figure 2C). 

 
These observations might be linked to the role of water during extraction. In 
homogenization conditions applied to fresh samples (conditions 2, 5, 6 and 
10), residual fecal water remained present despite the addition of methanol. 
This likely facilitated the extraction of polar metabolites into the solvent 
phase. In contrast, conditions involving lyophilization (conditions 4, 7 and 8) 
removed endogenous water prior to extraction, which may have limited the 
recovery of metabolites with low solubility in pure methanol. DLE showed 
intermediate performance. Although freeze-drying removed the native water 
content, an DMSO-water mixture was introduced during extraction. This 
likely restored conditions for extraction of polar metabolites while also 
expectedly improving recovery of less water-soluble compounds, resulting in 
a balanced recovery profile across metabolite classes. 
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Figure 6. PCA plot of sample preparation protocols. Green circles: DLE, orange 
square: Fresh sample homogenization, pink triangle: Lyophilized sample 
homogenization, blue triangles: QC samples. 

The same clustering pattern observed for feature coverage and signal intensity 
was further examined at the multivariate level. In the PCA plot, samples 
grouped into three distinct clusters corresponding to fresh homogenization, 
lyophilized homogenization, and DLE workflows (Figure 6). Pooled QC 
samples formed a tight, centrally localized cluster with minimal dispersion, 
showing high instrumental stability and technical reproducibility. The 
separation was not uniform across principal components. Along the first 
principal component (PC), all conditions showed major overlap, whereas PC2 
resolved a clear distinction between lyophilized homogenization and the two 
other workflows. In contrast, DLE and fresh homogenization clustered 
together, consistent with their higher and comparable extraction efficiency 
relative to lyophilized homogenization.  

Differential recovery of metabolite classes across extraction 
strategies 
A direct comparison of extraction strategies reveals systematic differences in 
metabolite recovery (Paper I, Figure 4A). A large fraction of features differs 
between DLE and methanol-based homogenization, indicating that the 
observed separation in feature coverage might reflect changes in the 
composition of the detected metabolome rather than uniform shifts in signal 
intensity. These differences follow class-dependent patterns (Paper I, Figure 
4B). Features annotated as amino acids, short peptides, and their derivatives 
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are more frequently detected under DLE conditions. This difference is 
consistent with the presence of an aqueous component during extraction, 
which may facilitate solubilization and release of polar metabolites. On the 
other hand, direct homogenization in high methanol content may limit 
recovery of these compounds, potentially due to reduced solubility. In contrast 
to this pattern, features annotated as terpenoid-related or isoprenoid-derived 
compounds were consistently more abundant under homogenization-based 
conditions, independent of lyophilization. This may reflect their hydrophobic 
nature and preferential solubility in organic solvents. 
 
This behavior extends to individual metabolites (Paper I, Figure 4C). Amino 
acids and glycine-containing dipeptides show higher intensities under DLE 
and fresh homogenization conditions than under lyophilized homogenization, 
aligning with the earlier-observed differences in feature coverage. At the 
multivariate level, these conditions cluster along PC2 (Figure X), consistent 
with similar extraction efficiencies across these compound classes. 

Effects of lyophilization on metabolite recovery 
Comparison of conditions with and without lyophilization shows that freeze-
drying alters metabolite recovery in a compound-dependent manner (Paper I, 
Figure 5A). Differences are observed across a wide range of features, but these 
changes do not occur uniformly, indicating that lyophilization modifies 
accessibility of specific metabolite groups rather than introducing a global 
shift in signal intensity. At the compound class level, metabolites associated 
with nucleotide metabolism and vitamin-related pathways exhibit reduced 
intensities following lyophilization, regardless of the extraction approach 
(Paper I, Figure 5B). Particularly, we can highlight metabolites such as 
pantothenic acid, nicotinic acid, and xanthine, all of which show reduced 
intensities following lyophilization (Paper I, Figure 5C). This significant 
difference might be due to the removal of endogenous water and changes in 
matrix structure, which can limit the extraction of compounds that rely on an 
aqueous environment for solubilization or release. The same pattern is 
reflected in PCA, where lyophilized homogenization separates along PC2 
from fresh homogenization and DLE (Paper I, Figure 3C, Figure X). 

Storage-dependent changes in metabolite signal behavior 
Storage conditions further modulate metabolite profiles through compound-
specific effects. Comparison of samples stored in methanol with those stored 
without solvent shows that most features remain detectable across conditions, 
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but individual metabolites exhibit distinct responses. At a global level, 
samples stored in methanol remain within clusters defined by the extraction 
strategy (Paper I, Figure 3E). This indicates that storage does not introduce a 
major restructuring of the metabolome, and its effect is smaller than that of 
extraction protocol. 

 
Uracil showed a distinct condition-dependent behaviour, with high intensities 
in conditions 1, 2, 3, and 11, and consistently low or near-absent signals in the 
remaining workflows (Paper I, Figure 6B). The clearest common feature 
among the high-intensity conditions was the presence of an aqueous extraction 
environment, either through the DLE protocol, which reintroduced DMSO-
water prior to methanol precipitation, or through preservation of the native 
wet matrix until extraction in condition 2. In contrast, low uracil abundance 
was observed in homogenization-based workflows involving lyophilization, 
early methanol exposure, or partial sample preparation prior to long-term 
storage. As uracil is a highly polar and water-soluble nucleobase, this pattern 
is consistent with the extraction chemistries being the dominant determinant 
of its recovery. The data therefore suggest that removal of water and 
prolonged methanol-dominant conditions reduce uracil recovery more 
strongly than storage state alone. 

Fecal metabolome differences between autoimmune and 
chronic pancreatitis 
After analytical sensitivities evaluation in fecal metabolomics, in Paper II we 
apply this methodology to a clinical application. The aim is to distinguish 
between two related pancreatic conditions. This introduces an analytical 
challenge, where differences are expected to be more specific and less 
pronounced. AIP and CP have several overlapping clinical features, including 
long-term complications such as pancreatic exocrine insufficiency and 
diabetes. In addition, AIP clinically resembles pancreatic ductal 
adenocarcinoma (PDAC), the most common type of pancreatic cancer, which 
has historically often led to unnecessary surgical interventions. At the same 
time, treatment protocols of AIP, CP, and PDAC differ. Despite substantial 
progress in diagnostics, many current approaches remain limited in sensitivity, 
specificity, or practicality. This makes their differentiation using fecal 
metabolomics especially relevant as a cheap and accessible diagnostic 
approach, but it also remains analytically challenging. 
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Fecal metabolomics was applied to a cohort of 28 AIP and 24 CP patients 
(Figure 7). The design reflects real-world sampling, including delays during 
home collection and transport. These factors introduce variability that cannot 
be fully controlled and must be considered during interpretation. 

 

 
Figure 7. Study design of AIP and CP fecal samples metabolomics investigation. 

Global separation under clinical sampling conditions 
At the global level, principal component analysis (Paper II, Figure 2a) shows 
little separation between AIP and CP samples in both ionization modes. The 
two groups occupy overlapping regions of the PCA space, indicating that 
overall differences in fecal metabolite composition aren’t that pronounced. 
Additional PCA performed across therapy subgroups within AIP (Paper II, 
Figure S2) does not reveal distinct clustering patterns, despite variation in ster-
oid and immunosuppressive treatments. This indicates that treatment-related 
variation does not dominate the dataset's global structure under these condi-
tions. QC samples form a tight cluster, illustrating that the observed variation 
is not driven by instrumental drift. At the same time, the degree of overlap 
between AIP and CP suggests that disease-related metabolic differences are 
subtle relative to within-group variability. To investigate the limited separa-
tion observed in PCA, we analysed feature-level differences (Paper II, Figure 
2b). A statistical comparison using Welch’s t-test, combined with fold-change 
filtering, identifies a subset of features that differ significantly between AIP 
and CP. The resulting distribution of significant features is asymmetric, 
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indicating that the separation might be driven by selective changes in metab-
olite abundance. As a next step, we transition from the global structure to the 
individual feature level. At this stage, individual metabolites were evaluated 
for consistency, structural plausibility, and biological relevance, providing a 
basis for moving from statistical separation toward chemical interpretation. 

Structural validation and biological interpretation of potential 
Biomarker candidates 
To enable interpretation, significant features from the volcano plots were fur-
ther evaluated for structural plausibility and consistency across samples. A 
focused panel of metabolites is shown in Figure 8, including enterolactone, 4-
vinylphenol, solanidine, 4-guanidinobutanoic acid, and methylthioadenosine 
sulfoxide. These compounds represent chemically distinct classes and capture 
the diversity of altered signals observed between AIP and CP. 

 
Figure 8. Boxplots of selected significantly altered features between the two study 
groups of chronic pancreatitis (CP) and autoimmune pancreatitis (AIP). Positive ion-
ization mode, normalized intensity. Welch's t‐test p‐values are displayed above the 
boxplots, with the following significance coding: ** (p ≤ 0.01), * (p ≤ 0.05).  

The boxplots show that differences are not uniform across metabolites. Some 
compounds display consistent shifts between groups (enterolactone, p-value: 
0.009), while others show broader distributions with partial overlap (4‐vi-
nylphenol, p‐value: 0.018). Enterolactone presents particular interest as a po-
tential biomarker candidate as it is a known bacterial metabolite and has been 
associated before with reduced risks and improved survivability in patients 
with different cancer pathologies, yet hasn’t been comprehensively studied 
within the scope of pancreatic diseases. Enterolactone provides the most com-
plete example in this dataset. Structure elucidation with MS/MS fragmenta-
tion analysis (Figure 9a) revealed a consistent set of diagnostic fragments, 
supporting the proposed structure.  
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Figure 9. A) Fragmentation spectra mirror plot of the identified feature (top/green) 
and the analytical standard of enterolactone (bottom/blue) with fragment annotation 
for the most intense signals. Fragmentation structures are annotated with this color 
code: backbone structure of the fragment in green, cleaved bonds in red, and neutral 
loss in grey. B) Enterolactone boxplots of at-home collection study conditions, where 
condition 1 represents the longest allowed home sample storage (up to 48 hours in +5 
and up to 24 hours in room temperature) and condition 2 represents the shortest al-
lowed home sample storage (up to 24 hours in room temperature). Samples represent 
5 consecutive-day biological replicates for inter-day stability control. Welch's t‐test 
p‐values are displayed above the boxplots, with the following significance coding: ns 
(p > 0.05). C) Benzaldehyde boxplots of at-home collection study conditions. Welch's 
t‐test p‐values are displayed above the boxplots, with the following significance cod-
ing: **** (p ≤ 0.0001), *** (p ≤ 0.001), ** (p ≤ 0.01), * (p ≤ 0.05), ns (p > 0.05). 
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A mirrored comparison with experimental reference database spectra demon-
strated agreement in fragmentation patterns and relative intensities. This was 
further confirmed by analysis of a synthetic standard and co-injection under 
identical chromatographic conditions, supporting confidence level (CL) 1 
identification (Paper II, Figure 3B). Other metabolites in the panel were as-
signed with levels 1 or 2a of confidence and remain chemically plausible 
within their respective classes. For example, 4-guanidinobutanoic acid (p‐
value: 0.042, fold change AIP/CP: 3, CL: 1) and methylthioadenosine sulfox-
ide (p‐value: 0.047, fold change CP/AIP: 2.5, CL: 2a) extend into amino acid-
related and sulfur-containing metabolite pathways. 

 
Given the clinical sampling design, an additional question is whether observed 
differences could be influenced by preanalytical variation. This was examined 
for enterolactone by collecting samples from a single individual over five con-
secutive days, using two storage scenarios that reflect routine home han-
dling—either via express mail or by dropping samples off at the hospital (Fig-
ure 9b). In condition 1, samples were collected and stored according to the 
maximum allowed time frames of the clinical sampling protocol: up to 48 
hours in the freezer (42 to 50 hours at +5 °C), with consecutive overnight 
storage at room temperature (12 to 16 hours at +20 °C) before being placed in 
the −80 °C freezer. Conversely, condition 2 aimed to replicate the shortest 
possible time window: no +5 °C segment, with overnight storage at room tem-
perature (12 to 16 hours at +20 °C) prior to −80 °C storage. No significant 
differences were observed in storage conditions across any sampling day. 
However, the variation across days was greater than the differences attributa-
ble to storage conditions. Meanwhile, benzaldehyde (p-value: 0.029, fold 
change CP/AIP: 1.6, CL: 2a) showed a clear alteration between the tested con-
ditions, with even greater day-to-day variation. This highlights the metabo-
lite's unreliability, possibly due to its volatility and rapid metabolic turnover. 
Overall, these results suggest that, for enterolactone, short-term handling 
within the tested range has only a limited impact relative to natural biological 
variation, supporting further validation as a potential biomarker.  Compounds 
showing significant sensitivity to the tested home-storage conditions, such as 
benzaldehyde, were excluded from further consideration, as their variability 
likely reflects physicochemical instability rather than biologically meaningful 
differences (Figure 9c). 

Distribution of altered metabolites across chemical classes 
Classification of annotated features provides a structured view of the metabo-
lome profile of AIP and CP patients (Paper II, Figure 4; Figures S3-S9). The 



 

 43

annotated compounds include several major pathways, such as amino acids 
and peptides, fatty acids, alkaloids, and terpenoid-related structures. Among 
these, the small peptides and dipeptides super class represents a substantial 
fraction of classified features, which can be partially addressed by our choice 
of extraction protocol, as we have defined previously. The present compound 
class distribution does not point to a single dominant pathway. Instead, altered 
metabolites span multiple chemical domains, suggesting a combination of 
metabolic processes, including host metabolism, microbiome-associated 
transformations, and diet-related inputs. Enterolactone and 4-vinylphenol fall 
within phenylpropanoid-related metabolism, linking the observed differences 
to microbial transformations of dietary polyphenols. 4-Guanidinobutanoic 
acid and threonyl-tryptophan represent an amino acid- and peptide-related 
pathway, in which variation may reflect both host and microbial processing. 
Stearidonic acid represents fatty acid metabolism. Solanidine provides an ex-
ample within alkaloid-related structures, often associated with a dietary origin. 

Multi-matrix metabolic fingerprints of pancreatic cancer 
development risk  
After investigating pancreatic disease-associated differences in a fecal matrix, 
in Paper III, we shift focus to an earlier and less well-defined stage of pan-
creatic pathology. Individuals at high risk for pancreatic cancer represent a 
heterogeneous group, where metabolic alterations are expected to be subtle 
and not confined to a single biological compartment. A multi-matrix approach 
was applied, combining urine, plasma, and fecal metabolomics within the 
same cohort. This design enables comparison of matrix-specific metabolic re-
sponses but also introduces an analytical constraint, as each matrix captures 
only a partial, unevenly shared fraction of the metabolome. 
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Figure 10. Sample collection overview. Urine, plasma, and fecal samples were col-
lected from different numbers of individuals at a high risk for developing pancreatic 
cancer (total cohort n = 60). Samples were collected at two time points (T1 and T2) 
approximately six months apart. The number of samples available for each biospeci-
men type and time point varied and is indicated in the figure.  

 
The cohort consisted of high-risk individuals with MRI screening results, clas-
sified into two categories: presence or absence of pancreatic cysts. Samples 
were taken at up to two time points and from three biospecimens (Figure 10). 
Matrix availability varied, with urine representing the largest dataset (n = 60), 
while plasma and feces were available for a smaller group of patients (n = 21). 
Consequently, the analysis was conducted separately for each biospecimen 
rather than combining all matrices into one model. Biological matrices differ 
in metabolite coverage and sample size, with only a small fraction of features 
shared between them. Age and sex were included as cofactors in the linear 
models, and cyst-related differences were assessed within each matrix after 
adjustment. This strategy avoids direct cross-matrix comparisons and empha-
sizes changes that are consistent within each biospecimen under the given 
sampling conditions. 

Matrix-specific analysis and cofactor-adjusted modeling of cyst-
associated differences 
Only a limited subset of detected features is shared across matrices, despite 
being collected from the same individuals. This indicates that each matrix cap-
tures a different segment of the metabolic landscape. Urine samples showed 
the highest number of features after the filtration steps (14,748), while fecal 
samples had moderate feature coverage (8,638), and plasma samples had the 
fewest (2,542). Fecal samples exhibited greater overlap with plasma (1,112) 
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than with urine (420), whereas urine shared the smallest fraction of features 
with plasma (164). The Venn diagram available in Paper III, Figure S1.  
 
The metadata analysis further clarified the analytical environment used to as-
sess cyst-associated differences. Age was treated as a continuous variable, 
while sex and cyst presence were used as binary categorical factors. Correla-
tion analysis indicates low interdependence between these variables, and un-
supervised PCA does not show strong clustering by either age or sex  
(Paper III, Figure 2B). This suggests that major sources of variation are not 
dominated by these covariates at the global level. However, linear modeling 
reveals that both age and sex contribute to metabolite-specific variation, re-
quiring cofactor adjustment in subsequent analyses. 
 
Cyst-associated differences were evaluated across all three biospecimens us-
ing volcano plots (Paper III, Figure 3A). The number and magnitude of al-
tered features varied between matrices. Urine showed a wide range of signif-
icant features, indicating multiple cyst-related changes, but these generally 
had modest fold changes. Plasma exhibited a more limited response with 
fewer significant features overall. Meanwhile, feces showed a higher density 
of significantly altered metabolites with larger effect sizes, suggesting a more 
noticeable shift in metabolite profiles. Most of the significantly altered fea-
tures were downregulated in the cyst-present patient group. 
 
This pattern was reflected in the distribution of annotated compounds across 
chemical classes (Paper III, Figure 3B). Altered urinary features were dis-
tributed across multiple pathways, with alkaloids and terpenoids accounting 
for a significant portion. Plasma showed a similar number of annotated fea-
tures, with a greater contribution from polar metabolites, including amino acid 
derivatives and tryptophan-related compounds. Feces contained the largest set 
of annotated metabolites, covering most chemical classes. Among these, me-
tabolites linked to carbohydrates, shikimates, and polyketides were primarily 
found in feces and were rarely detected among altered features in plasma or 
urine. 

 
Sex-associated differences were most pronounced in urine and plasma (Paper 
III, Figure 4), where several annotated metabolites showed consistent direc-
tional shifts. In urine, androgen-related steroids and steroid conjugates were 
elevated in males, accompanied by differences in acylcarnitines, including 
decanoylcarnitine (p-value: 0.03, fold change M/F: 1.62, CL: 2a) and related 
medium-chain species. Plasma showed a similar pattern, with sex-associated 
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variation in lipid-related metabolites and acylcarnitines, although with fewer 
features overall. In contrast, fecal samples had only a limited number of an-
notated metabolites that reached statistical significance. 
 
Age-associated variation was broader and extended across multiple metabolite 
classes (Paper III, Figure 5). The strength of age association was mostly mod-
erate (−0.5 to 0.5), including both positive and negative correlations. In urine 
and plasma, several metabolites showed gradual age-related trends, including 
decreases in steroid-related compounds and alterations in acylcarnitines. 
Plasma additionally contained changes in amino acid derivatives and small 
peptides, suggesting age-associated shifts in protein turnover or systemic me-
tabolism. In feces, a stronger example was observed for glycylproline (p-
value: 0.0018, CL: 2a), which showed a negative correlation with age (r = 
−0.63). Compared to sex, age effects were less confined to specific pathways 
and instead reflected more distributed metabolic changes. 

Cyst-associated candidate biomarkers 
The statistical selection substantially reduced the number of features, but only 
a limited subset could be assigned to structurally plausible metabolites. These 
were evaluated with emphasis on annotation confidence, effect size, and co-
herence with matrix-specific patterns. In fecal samples, several metabolites 
showed both strong statistical support and consistent directional shifts (Paper 
III, Figure 3C). Methylglutaric acid displayed one of the highest discrimina-
tive performances (AUC = 0.88, CL: 2a), with elevated levels in cyst-positive 
individuals. Hypoxanthine followed a similar pattern (AUC = 0.82, CL: 2a), 
suggesting increased purine turnover or altered degradation balance. In con-
trast, nucleoside-related compounds, including cytidine (AUC = 0.84, CL: 
2a), uracil (AUC = 0.74, CL: 2a), and deoxyinosine (AUC = 0.76, CL: 2a), 
were significantly downregulated. Oleamide (AUC = 0.81, CL: 2b) was de-
tected with elevated levels. The selection of ROC curves is illustrated in Fig-
ure 11. Its presence was consistent across samples, but without supporting 
pathway context and given limited annotation confidence, biological interpre-
tation remains to be defined. In plasma, fewer metabolites reached comparable 
levels of discrimination. Hydroxyindoleacetic acid showed moderate separa-
tion (AUC = 0.82, CL: 3), with increased levels in cyst-positive individuals 
but modest effect size (fold change = 1.3). Urine did not yield metabolites with 
comparable performance. Several features reached statistical significance, but 
none exceeded the 0.7 AUC threshold, indicating reliable discrimination. The 
observed differences were distributed across multiple compound classes with-
out convergence on specific pathways or metabolite groups. 
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Figure 11. Receiver operating characteristic (ROC) curves for selected fecal metabo-
lites associated with cyst presence. Each curve is derived from logistic regression 
models adjusted for age and sex. Model performance was evaluated using five-fold 
cross-validation, and ROC curves were constructed from aggregated out-of-fold pre-
dictions. The curves are shown as step functions representing the empirical relation-
ship between sensitivity (true positive rate) and 1-specificity (false positive rate) 
across decision thresholds. 

 
Across matrices, no single metabolite was consistently altered in the same di-
rection for the cyst comparison. An overlap at the feature level was limited, 
and annotated metabolites associated with cyst presence remained matrix-spe-
cific. In contrast, several metabolites showed consistent associations with age 
or sex across matrices. This indicates that the lack of overlap is specific to the 
cyst signal and not a general limitation of the dataset. Interpretation of cyst-
related changes, therefore, remains confined within each biospecimen rather 
than transferable across matrices. Annotation confidence remained a limiting 
factor. Only a subset of metabolites achieved the highest confidence level, 
while others were retained based on spectral plausibility and consistent behav-
ior across samples. This limitation was addressed by prioritizing metabolites 
that combined statistical significance with structurally interpretable annota-
tions. 
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Multi-omics interaction study of vaginal bacteria 
In Paper IV we address a different analytical setting, where metabolomics is 
applied to supernatants of a controlled co-culture system of two bacteria rather 
than a clinical cohort. Five bacterial species, representing commensal and bac-
terial vaginosis (BV)-associated cultures, were cultured individually and in all 
pairwise combinations, resulting in 15 distinct groups analysed in biological 
triplicates. These included Gardnerella vaginalis (Gv), Lactobacillus crispa-
tus (Lc), Lactobacillus iners (Li), Prevotella bivia (Pb), and Fusobacterium 
nucleatum (Fv) (Figure 12). BV is a polymicrobial condition characterized by 
depletion of Lactobacillus species and overgrowth of anaerobic bacteria, and 
is associated with adverse outcomes including increased risk of infections, 
preterm birth, and cancer.100 Samples consisted of methanol extracts of bacte-
rial isolates and were measured using an untargeted LC-MS metabolomic ap-
proach. This design produces a dataset in which metabolic interaction effects 
are embedded across a large number of group combinations and with low rep-
lication per condition. The analytical objective was to identify metabolites as-
sociated with interspecies interactions, with particular focus on bioactive com-
pounds that may modulate the growth of BV-associated pathogens. 

 
Figure 12. Studies cultures in 3D model of human cervix. Adapted from 100. 

Data processing followed a standard untargeted workflow, including peak de-
tection, alignment, blank subtraction, and normalization. After filtering based 
on signal intensity, QC variability, and blank subtraction, the dataset was re-
duced from over 40,000 detected features to approximately 1,300 retained var-
iables suitable for statistical analysis. Initial PCA analysis showed structured 
separation across culture conditions (Figure 13). Single cultures of BV-
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associated species formed distinct clusters, often separated along a single PC, 
while co-cultures were consistently localized closer to commensal species 
profiles. This pattern was consistent across both ionization modes. This indi-
cates that co-culture metabolomes do not represent intermediate states be-
tween species, but instead converge toward a subset of metabolic profiles cap-
tured by specific groups.  
 
However, this separation reflects aggregate variance rather than specific inter-
action effects. Given the number of groups, global models such as Analysis of 
Variance (ANOVA) or Partial Least Squares Discriminant Analysis (PLS-
DA) would identify widespread differences but not resolve which bacterial 
combinations drive specific metabolic changes. Moreover, post-hoc testing 
across all possible group pairs would substantially increase the number of 
comparisons without a clear biological hypothesis. For this dataset, global 
multivariate approaches remain descriptive and do not directly address the un-
derlying question of interaction-dependent metabolite changes. 

 
Figure 13. Principal component analysis (PCA) score plot of positive ionization mode 
data from co-culture and mono-culture samples. Each point represents one biological 
replicate after data preprocessing and normalization. 

Interaction-specific metabolite signatures 
To resolve interaction effects, the analysis was structured around predefined 
contrasts reflecting specific biological scenarios. Instead of testing all group 
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combinations, selected comparisons focused on co-cultures relative to rele-
vant mono-cultures or control combinations. In parallel, additional compari-
son frameworks, including Dunnett-type setups and broader feature filtering 
approaches, were applied to capture complementary aspects of the co-culture 
metabolome. 

 
The application of these strategies showed that metabolic responses are not 
uniformly distributed across bacterial combinations. Some contrasts did not 
yield significant features under the applied thresholds, indicating limited de-
tectable interaction effects. For example, no features were identified in the 
comparison of Lactobacillus crispatus-Gardnerella vaginalis (LcGv) and 
Lactobacillus inners-Gardnerella vaginalis (LiGv) against corresponding 
mono-culture controls Lactobacillus crispatus (LcLc), Lactobacillus inners 
(LiLi), and Gardnerella vaginalis (GvGv), which were prepared at doubled 
cell density to match the initial biomass of co-cultures and are therefore de-
noted using double abbreviations. In contrast, other combinations showed pro-
nounced differences. The comparison of LcPb and LiPb against LcLc, LiLi, 
and PbPb resulted in 33 upregulated and 3 downregulated features, while 
LcAv and LiAv versus LcLc, LiLi, and FvFv yielded 4 upregulated metabo-
lites. These results indicate that interaction-dependent metabolite changes are 
highly contingent on the specific species pairing. Different contrast strategies 
captured partially overlapping but distinct subsets of metabolites, indicating 
that no single analytical approach fully resolves the interaction-dependent 
metabolome. 
 
Among the annotated features, short peptide derivatives, particularly proline-
containing dipeptides, were consistently detected across multiple contrasts. 
These included alanylproline, lysylproline, phenylalanylproline, tyrosylpro-
line, valylproline, and valyl-prolyl-proline, as well as related structures such 
as aspartylphenylalanine and argynylproline. These metabolites were not re-
stricted to a single interaction but were repeatedly observed across different 
comparison frameworks, including targeted contrasts and broader filtering ap-
proaches. For example, multiple dipeptides were elevated in GvPb co-cultures 
compared to corresponding mono-cultures, while valyl-prolyl-proline was 
specifically increased in GvFv conditions (Paper IV, Figure 6a). The recur-
rence of these peptide signals across independent contrasts indicates that pep-
tide-related features represent a dominant and system-level component of the 
co-culture metabolome, rather than being specific to individual bacterial pair-
ings. Additional condition-specific patterns were observed for individual me-
tabolites. For example, sphingosine was selectively elevated in LcPb co-
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cultures, while argynylproline showed increased levels in LcGv conditions 
relative to other Lc-containing groups. 

 
In addition to pairwise contrasts, Dunnett-type comparison frameworks 
(mono-culture vs all co-cultures containing that bacteria) revealed metabolites 
that reflect broader responses of individual species to co-culture conditions. 
Within this framework, urocanic acid emerged as a significant feature, show-
ing consistent differences between mono-culture and co-culture conditions. 
In contrast to peptide-derived signals, a smaller subset of heterocyclic com-
pounds showed more contrast-dependent abundance patterns. A β-carboline-
related feature was detected in the targeted LcPb and LiPb comparison against 
LcLc, LiLi, and PbPb, whereas methyl-β-carboline and tetrahydro-β-carbo-
line-carboxylic acid were identified in the Fv-centered Dunnet-type compari-
son framework, where Fv mono-culture showed lower levels than the Fv con-
taining co-cultures. This pattern suggests that β-carboline-derived compounds 
are not distributed uniformly across bacterial combinations, but instead accu-
mulate under specific interaction settings. One possible explanation is that 
these compounds are produced or retained during co-culture with Fv, whereas 
they remain low in Fv mono-culture. In the Pb-centered contrast, only the 
broader β-carboline signal passed the filtering criteria, as LcPb and LiPb 
showed higher levels whereas LcLc, LiLi, and PbPb remained comparatively 
low (Figure 14).  

 
Figure 14. 15-group boxplot of βCarboline (CL: 2) within LcPb / LiPb vs LcLc / LiLi 
/ PbPb targeted contrast. Pairwise t‐test p‐values are displayed above the significance 
brackets, with the following significance coding: *** (p ≤ 0.001). 
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Selection of candidate compounds for downstream validation 
The directionality of metabolite changes provides a practical framework for 
interpretation. Increased levels in co-culture may reflect induced production 
by one of the bacteria, a reduced conversion or newly synthesized in the com-
petitive environment, whereas decreased levels may reflect increased con-
sumption, a reduced production or conversion into a metabolite of different 
bioactivity. As these interpretations are based on relative abundance data, un-
derlying mechanisms cannot be resolved, but they provide a consistent basis 
for interpreting interaction-dependent patterns. 
 
From the filtered feature sets, a subset of metabolites was prioritized based on 
statistical significance, fold change consistency, and annotation confidence. 
Selected compounds, including tetrahydro-β-carboline-carboxylic acid and 
urocanic acid, were purchased for structure elucidation at CL1 and bioactivity 
testing in bacterial in vitro assays.  

 
Figure 15. Biofilm formation of tested bacteria cultured with different overex-
pressed metabolites in 1 mM and 0.1 mM metabolite concentration. C1 – Tetrahy-
dro-β-carboline-carboxylic acid, C4 – Harmane, C5 – Sphingosine. 
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To assess whether metabolite changes observed in the co-culture system cor-
respond to functional effects, selected compounds were evaluated in microbial 
growth assays by our collaborators in Du Lab. These experiments were de-
signed to test whether candidate metabolites modulate growth of BV-associ-
ated species, antibiotic-resistant pathogens or commensal strains. Culture me-
dia were supplemented with individual compounds, and growth of Lc, Gv, Pb, 
Candida albicans, Escherichia coli, and Staphylococcus aureus was moni-
tored over 24 or 48 hours. Growth curve analysis revealed distinct, species-
specific responses across compounds. Quantification based on area under the 
growth curve (AUC) showed that tetrahydro-β-carboline-carboxylic acid sig-
nificantly inhibited the growth of Lc and Gv, while not affecting growth or 
biofilm formation of the remaining strains (Figure 15, Paper IV, Figure S6). 
Harmane, used as a representative methyl-β-carboline compound, signifi-
cantly inhibited both growth and biofilm formation of all tested strains except 
S. aureus. In addition, sphingosine showed pronounced inhibitory effects 
against C. albicans, E. coli, and S. aureus (Figure 15, Paper IV, Figure 6c). 
These results demonstrate that β-carboline-related compounds exhibit selec-
tive and species-dependent bioactivity. In particular, the strong and reproduc-
ible inhibitory effects of tetrahydro-β-carboline-carboxylic acid derivatives on 
BV-associated species indicate that these compounds may contribute to inter-
action-mediated growth modulation under co-culture conditions. In contrast, 
metabolites broadly distributed across multiple conditions, such as dipeptides, 
did not show measurable bioactivity under the tested conditions, supporting 
the interpretation that these features reflect general metabolic activity rather 
than specific interaction mechanisms.  
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Concluding remarks and future perspectives 

In this thesis, metabolomics has been applied across several experimental con-
texts, from methodological optimization and clinical cohort studies to micro-
bial isolates in co-culture. By combining untargeted LC-MS analysis with 
structured statistical workflows and targeted contrast designs, the work aims 
to extract biologically meaningful signals from complex and diverse datasets. 
Instead of relying on a single analytical approach, each study adjusts the meth-
odology to suit the specific constraints of the data, such as sample type, repli-
cation, and experimental design. Together, the results show how metabolom-
ics can be used both to characterize biological systems and to assess the meth-
odological factors that influence metabolite detection and interpretation. 
 
In Paper I, we systematically evaluated the effects of sample preparation and 
storage conditions on the fecal metabolome. The results showed that metabo-
lite recovery depends strongly on the combination of extraction strategy and 
storage conditions rather than on a single optimal method. DLE using DMSO-
containing solvents improved the recovery of small polar metabolites, includ-
ing amino acids and peptide derivatives, while methanol-based approaches 
provided comparable performance under appropriate conditions. In contrast, 
specific combinations, particularly methanol extraction applied to lyophilized 
samples, resulted in reduced overall metabolite detection. In Paper II, fecal 
metabolomics was applied to investigate metabolic alterations associated with 
autoimmune and chronic pancreatitis. The analysis revealed structured 
changes across metabolite classes, including amino acids, peptide derivatives, 
and microbiota-associated metabolites. These alterations were not isolated to 
individual compounds but occurred as coordinated shifts within related me-
tabolite groups, indicating underlying changes in metabolic processes linked 
to the gut environment. The scope was then extended in Paper III to a multi-
biospecimen setting, enabling direct comparison of metabolic alterations 
across feces, plasma, and urine. Disease-associated changes were not uni-
formly reflected across matrices. Urine captured a broad range of metabolic 
variation, although with less consistent directionality, while plasma contained 
a more limited set of metabolites with potential systemic relevance. The most 
structured and consistent alterations were observed in fecal samples, where 
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multiple metabolite classes shifted coherently. Finally, in Paper IV, metabo-
lomics was applied to a controlled co-culture system of vaginal bacteria to 
investigate interaction-dependent metabolic changes. Metabolic responses 
were highly specific to the composition of bacterial co-cultures and could not 
be resolved using global multivariate approaches alone. Targeted contrast de-
sign enabled the identification of interaction-specific signals, including con-
sistent alterations in proline-containing dipeptides and context-dependent 
changes in heterocyclic compounds such as β-carboline derivatives and 
urocanic acid. These metabolites showed distinct patterns across different con-
trasts, indicating that metabolic output depends on both the species identity 
and the interaction context. 
 
These findings contribute to the field of metabolomics by demonstrating how 
analytical design, biospecimen selection, and biological context together de-
termine the detection and interpretation of metabolite patterns. By combining 
tailored experimental setups with structured statistical approaches, this work 
provides a framework for resolving both methodological biases and interac-
tion-dependent metabolic signals. Several future directions emerge from these 
studies. In Paper I, further work should focus on systematically evaluating 
additional extraction solvents and storage conditions across larger sample sets 
to define standardized protocols that minimize bias while maintaining broad 
metabolome coverage. Extending the experimental setup to a fully factorial 
design would allow direct assessment of interaction effects between prepara-
tion and storage variables and facilitate the identification of condition-specific 
biases. For Paper II, future studies should expand to larger and more diverse 
patient cohorts to validate the observed metabolic patterns and assess their 
robustness across populations. Integration with microbiome data would allow 
direct linking of metabolic changes to microbial composition and function, 
providing a more comprehensive understanding of disease-associated dysbio-
sis. Inclusion of healthy, age- and sex-matched control groups would further 
enable separation of disease-associated alterations from baseline metabolic 
variation. In the context of Paper III, future work should explore the integra-
tion of multiple biospecimens within unified analytical frameworks. Combin-
ing metabolomics data from feces, plasma, and urine with other omics layers 
may improve the interpretation of systemic versus localized metabolic 
changes and enhance biomarker discovery. Longitudinal follow-up of high-
risk individuals over extended periods would enable retrospective identifica-
tion of metabolic signatures associated with disease onset and progression, 
and help distinguish baseline variation from early pathological changes. For 
Paper IV, further investigation is needed to clarify the biochemical origin and 
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functional role of interaction-dependent metabolites. This includes experi-
mental validation of candidate compounds, exploration of metabolic pathways 
involved in their production and consumption, and extension of the co-culture 
model to more complex microbial communities. Lastly, increasing the number 
of biological replicates and incorporating time-resolved measurements would 
also improve the resolution of interaction dynamics. 
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Populärvetenskaplig sammanfattning 

Människans hälsa påverkas av en kombination av biologiska processer, miljö, 
kost och mikrobiota. I centrum för dessa samspel finns metaboliter, små mo-
lekyler som speglar kroppens aktuella biokemiska tillstånd. Metabolomik, 
som är den storskaliga studien av dessa molekyler, gör det möjligt att under-
söka hur biologiska system fungerar och hur de förändras vid sjukdom, mi-
krobiell aktivitet och olika analysförhållanden. I denna avhandling har meta-
bolomik använts i flera olika sammanhang, från metodutveckling till kliniska 
studier och kontrollerade mikrobiella experiment. Den huvudsakliga analys-
tekniken är vätskekromatografi kopplad till masspektrometri (LC-MS), som 
kan mäta många olika metaboliter i komplexa biologiska prover. 
 
Först undersöktes hur provberedning och lagring påverkar vilka metaboliter 
som kan detekteras i fecesprover. Resultaten visade att olika kombinationer 
av extraktionsmetoder och lagringsförhållanden kan ge tydliga skillnader i 
metabolitprofiler, särskilt för små och kemiskt känsliga ämnen. Detta visar hur 
viktigt det är med standardiserade protokoll och att metoder anpassas efter 
syftet. Därefter analyserades avföringsprover från patienter med autoimmun 
och kronisk pankreatit. Dessa sjukdomar är viktiga att kunna skilja åt, men det 
saknas idag enkla och tillförlitliga diagnostiska metoder. Vi såg tydliga för-
ändringar i metabolitmönster, bland annat i aminosyraderivat och mikrobiota-
relaterade metaboliter, vilket tyder på att mikrobiotan spelar en roll i sjuk-
domsprocesserna. I nästa steg studerades individer med hög risk att utveckla 
pankreascancer. Förekomsten av pankreascystor jämfördes mellan feces, blod 
och urin. Resultaten visade att olika provtyper speglar olika delar av metabol-
ismen. Feces visade de mest konsekventa förändringarna, medan blod och urin 
i större utsträckning speglade mer generella variationer, till exempel kopplade 
till ålder och kön. Slutligen undersöktes interaktioner mellan bakterier som är 
kopplade till bakteriell vaginos i kontrollerade samodlingar. De metabola för-
ändringarna berodde tydligt på vilka bakterier som fanns tillsammans, och 
flera metaboliter identifierades som kandidater för vidare studier av biologisk 
aktivitet.  
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Sammanfattningsvis visar denna avhandling hur metabolomik kan användas 
för att studera både biologiska system och metodologiska faktorer, och ger en 
bättre förståelse för hur metabolitmönster uppstår i komplexa miljöer. 
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Популярний виклад 

Здоров’я людини формується під впливом поєднання біологічних 
процесів, навколишнього середовища, харчування та мікробіоти. У 
центрі цих взаємодій знаходяться метаболіти, невеликі молекули, що 
відображають поточний біохімічний стан організму. Метаболоміка — це 
комплексне дослідження цих молекул, що дозволяє вивчати, як 
працюють біологічні системи та як вони змінюються під впливом 
хвороб, мікробної активності та умов аналізу. У цій дисертації 
метаболоміку застосовано в різних контекстах, від розробки методів до 
клінічних досліджень і контрольованих експериментів із 
мікроорганізмами. Основним аналітичним методом була рідинна 
хроматографія поєднана з мас-спектрометрією (LC-MS), яка дає змогу 
виявляти широкий спектр метаболітів у складних біологічних зразках. 
 
Спочатку було досліджено, як підготовка зразків і умови їхнього 
зберігання впливають на виявлення метаболітів у зразках калу. 
Результати показали, що різні поєднання методів екстракції та умов 
зберігання можуть призводити до систематичних відмінностей у 
профілях метаболітів, особливо для низькомолекулярних і хімічно 
нестабільних сполук. Це підкреслює важливість стандартизованих 
протоколів і вибору методів відповідно до цілей дослідження. Далі було 
проаналізовано зразки калу пацієнтів з аутоімунним та хронічним 
панкреатитом. Ці захворювання важливо ефективно розрізняти на ранніх 
етапах, однак на сьогодні бракує простих, надійних і неінвазивних 
методів діагностики. Було виявлено чіткі зміни у метаболітних профілях, 
зокрема у похідних амінокислот і пептидів, а також у продуктах 
метаболізму бактерій, що вказує на їхню роль у розвитку цих станів. На 
наступному етапі було досліджено осіб із високим ризиком розвитку 
раку підшлункової залози. Наявність або відсутність кіст підшлункової 
залози порівнювали із зразками калу, крові та сечі. Результати показали, 
що різні біоматеріали відображають різні аспекти метаболізму. Зразки 
калу продемонстрували найбільш узгоджені зміни з фактором наявності 
кісти підшлункової залози, тоді як зразки плазми і сечі більше 
відображали загальні системні варіації, такі як вік і стать пацієнта. На 
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завершення було досліджено взаємодії між окремими штамами бактерій, 
пов’язаних із бактеріальним вагінозом. Також було проаналізовано їхню 
взаємодію з представниками симбіотичної мікрофлори у 
контрольованих умовах співкультивування.. Метаболічні зміни значною 
мірою залежали від конкретних комбінацій бактерій, і кілька метаболітів 
були визначені як кандидати для подальших досліджень їхньої 
біологічної активності. 
 
Загалом, ця дисертація демонструє, як метаболоміка може 
використовуватися для вивчення як біологічних систем, так і 
методологічних факторів і дає глибше розуміння того, як формуються 
метаболітні профілі в складних біологічних середовищах. 
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