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ABSTRACT 

This multidisciplinary doctoral dissertation focused on development of untargeted 
ultrahigh-performance liquid chromatography–tandem mass spectrometry (UHPLC–
MS/MS) -based metabolomics of serum and cerebrospinal fluid (CSF), integrated 
with supervised machine learning (ML), to identify metabolic alterations and 
candidate molecular features (MFs) for enhanced diagnostics of Lyme 
neuroborreliosis (LNB). Due to limitations of current biomarkers in Lyme borreliosis 
(LB) diagnostics, a paired, within-patient design was implemented to enhance 
sensitivity to disease-related changes. Serum profiling paired pretreatment LNB with 
12 months after treatment samples. CSF profiling paired pretreatment LNB with 
samples three weeks after treatment initiation. LNB cohorts were companied with 
Borrelia antibody-negative, non-LNB controls in serum and CSF, and with other 
laboratory confirmed central nervous system infections in CSF, enabling assessment 
of disease specificity. 

Across matrices, pathway alterations were characterized by the tryptophan-
kynurenine axis, broad lipid-signaling alterations (lysophospholipids, 
sphingomyelins, sphingoid bases, fatty acid amides, cyclic phosphatidic acids), and 
amino acid metabolism. Acetylcarnitine exhibited matrix-specific dynamics, elevated 
in pretreatment CSF, declining after treatment and higher in other CNS infections, but 
increased in post-treatment serum, indicating distinct compartmental responses. 
Several CSF MFs associated with chemokine CXCL13 concentration, thus supporting 
linkage to neuroinflammation. 

Supervised ML classifiers trained on serum profiles yielded strong discrimination 
with high sensitivity and specificity, and robust performance across comparisons. 
LNB induced detectable metabolic alterations, however, treated LNB retained a 
distinct serum signature versus non-LNB controls. Overlapping discriminatory 
features across models indicate an infection-linked signal rather than purely 
treatment-driven observations. 

UHPLC–MS/MS-based MF panels and ML classifiers emerge as potential 
complementary tools to enhance diagnostics and monitoring of disseminated LB. 

KEYWORDS: Borrelia burgdorferi; cerebrospinal fluid; Lyme neuroborreliosis; 
machine learning; metabolomics; UHPLC–MS/MS; serum  
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TIIVISTELMÄ 

Tässä poikkitieteellisessä väitöskirjassa kehitettiin ultrakorkean erotuskyvyn 
nestekromatografiaan ja tandemmassaspektrometriaan (UHPLC–MS/MS) perustuvaa 
metabolomiikkamenetelmää seerumi- ja aivo-selkäydinnestenäytteille (likvori). 
Menetelmä yhdistettiin koneoppimiseen Lymen neuroborrelioosiin (LNB) liittyvien 
aineenvaihduntaprofiilien sekä potentiaalisten merkkiaineiden tunnistamiseksi. 
Tutkimusasetelma perustui pääosin samoilta potilailta ennen hoitoa ja hoidon jälkeen 
kerättyihin näytteisiin, mikä paransi analyysien luotettavuutta taudin aiheuttamien 
aineenvaihdunnallisten muutosten tunnistamiseksi. 

Seerumien profiloinnissa ennen antibioottihoitoa otettuja näytteitä verrattiin 
näytteisiin, jotka kerättiin 12 kuukautta hoidon päättymisen jälkeen. Likvorien 
profiloinnissa vastaava vertailu tehtiin ennen hoitoa ja kolme viikkoa hoidon 
aloituksen jälkeen otettujen näytteiden välillä. Lisäksi LNB-potilaiden seerumi- ja 
likvoriprofiileja verrattiin Borrelia-vasta-ainenegatiivisten kontrollipotilaiden näyt-
teisiin. Likvoridatan osalta tehtiin myös vertailuja muihin tunnettuihin keskushermos-
toinfektioihin, mikä mahdollisti havaittujen muutosten tautispesifisyyden arvioinnin. 

Tulokset osoittivat, että eri näytematriiseissa havaitut aineenvaihduntatuotteiden 
muutokset kohdistuivat erityisesti tryptofaani-aineenvaihduntaan, lipidivälitteisen 
signaloinnin muutoksiin, sekä muuhun aminohappoaineenvaihduntaan. Useat 
likvorissa tunnistetut merkkiaineet korreloivat kemokiini CXCL13 -pitoisuuden 
kanssa, mikä tukee niiden välistä yhteyttä neuroinflammaatioon. 

Koneoppimiseen perustuvat binääriluokittelijat saavuttivat eri vertailuasemissa 
hyvän erottelukyvyn korkealla spesifisyydellä. Lisäksi eri luokittimien välillä 
toistuvasti havaitut aineenvaihduntatuotteet viittaavat ensisijaisesti infektion aiheutta-
miin aineenvaihdunnallisiin muutoksiin. 

Yhteenvetona voidaan todeta, että UHPLC–MS/MS-menetelmään perustuvat 
biomarkkeripaneelit yhdistettynä koneoppimiseen näyttäytyvät lupaavina ja 
käytännöllisinä työkaluina, jotka voivat täydentää nykyisiä diagnostisia menetelmiä 
sekä tukea LNB:n hoidon seurantaa. 

ASIASANAT: aivo-selkäydinneste; Borrelia burgdorferi; koneoppiminen; Lymen 
neuroborrelioosi; metabolomiikka; UHPLC–MS/MS; seerumi    
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RaMP-DB Relational Database of Metabolomic Pathways 
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RT Retention time 
SD Standard deviation 
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TBE Tick-borne encephalitis 
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VZV Varicella zoster virus 
 
 
 
 
 
 
An artificial intelligence-based large language model (Microsoft 365 Copilot, version 
bizchat.20260129.44.2, Microsoft Corporation, Redmond, WA, USA) with enterprise 
data protection was used to improve grammar, spelling, readability, and consistency. 
The tool was not used for generating original content or drawing conclusions. All 
substantive intellectual work is the author’s own, and all changes were verified by the 
author. 
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1 Introduction 

Lyme borreliosis (LB) is the most common tick-borne infectious disease in the 
Northern Hemisphere1 and is caused by spirochetes of the Borrelia burgdorferi sensu 
lato complex (hereafter referred to as Borrelia). In natural ecosystems, vertebrates 
such as small mammals (e.g., mice and voles) and certain bird species serve as primary 
reservoir hosts for Borrelia2–5, thereby enabling transmission of the bacteria to ticks 
of the genus Ixodes, the principal vectors responsible for human infections.1,6  
 Ticks rely on different hosts during their life cycle (Figure 1).5 Progression 
between developmental stages of ticks (larva, nymph, and adult) depends on the 
successful completion of a blood meal. During a blood meal, infected ticks can 
transmit Borrelia from their midgut to the host through their saliva. Adult females 
also require a blood meal to produce eggs. It is generally accepted that Borrelia 
spirochetes are not transmitted transovarially and, as a result, eggs and newly hatched 
larvae remain uninfected.7 However, recent studies suggest that Borrelia infection 
may also occur in larvae8, although this is not yet well established.  
 The generalist feeding habits of Ixodes spp. ticks increase the risk of human 
infection.9 Humans are considered dead-end hosts for Borrelia5, but feeding by an 
infected tick can still lead to LB.  In contrast, large mammals such as deer are 
incompetent reservoir hosts for Borrelia.10 However, they play an important 
ecological role in sustaining tick populations, as adult ticks feed and mate on them.11 
 Because Borrelia transmission generally requires several hours to days of tick 
attachment12, the risk of transmission increases with longer attachment duration and 
with multiple simultaneous tick attachments.13 Previous episodes of LB do not provide 
protective immunity, making a new infection possible after subsequent exposure to an 
infected tick. If LB remains untreated during the early localized stage, Borrelia 
spirochetes may disseminate from the initial tick feeding site to surrounding tissues 
and organs14, potentially leading to early disseminated LB manifestations.15  
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 Diagnosis of early localized LB is clinical and based on the characteristic 
manifestation of erythema migrans (EM), the expanding skin lesion around the tick 
feeding site.16 The production of Borrelia-specific antibodies takes several weeks, 
which complicates diagnosis in cases that lack detectable hallmark features such as 
EM and that present with nonspecific or heterogeneous symptoms.17,18 This delay 
limits the utility of serology-based antibody assays, the current cornerstone of LB 
diagnostics, during early infection. Nevertheless, these assays are highly effective for 
detecting disseminated manifestations of LB.19,20 However, Borrelia-specific 
antibodies can remain elevated for months after successful antibiotic treatment, 
reflecting persistent seropositivity among the patients.21–23 This persistence may lead 
to false-positive diagnostic results and unnecessary antibiotic treatments in patients 
with prior LB episodes but no active disease. 
 LB progression includes early and late disseminated disease stages, as well as a 
condition known as post-treatment Lyme disease syndrome (PTLDS), which remains 
poorly understood. These stages, presented in Figure 2, are characterized by systemic 
spread of the pathogen to multiple organs.  
 

Figure 1. Life cycle of Ixodes spp. ticks and their role as vectors of Borrelia burgdorferi sensu lato: 
(I) Larval tick feeds on its first host; (II) after engorgement, the larva moults into the 
nymphal stage; (III) the nymph feeds on a second host; (IV) humans and other incidental 
hosts may serve as dead-end hosts; (V) following repletion, the nymph moults into the 
adult stage, which feeds on a third host; (VI) the engorged female lays eggs; (VII) eggs 
hatch into spirochete-free larvae. Adapted from Radolf et al., 2012.5 
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In early disseminated LB, Borrelia may invade critical organs such as the heart 

(Lyme carditis) and the nervous system (Lyme neuroborreliosis, LNB), while late 
disseminated infection is typically associated with involvement of joints (Lyme 
arthritis) and chronic dermatological manifestations (acrodermatitis chronica 
atrophicans, ACA) that occur months after the initial tick bite. Disseminated LB 
reflects not only a more advanced pathological state but also increased diagnostic 
complexity. LNB is one of the most clinically significant complications of early 
disseminated LB, in which Borrelia starts to affect and harm the peripheral nervous 
system and, in some cases, the central nervous system (CNS). This typically occurs 
within weeks of initial exposure.15,24 Neurological involvement in LB is observed in 
approximately 10-15% of adult patients in North America and Europe24–26, while 
among European pediatric populations the incidence is reported to be even higher27–

29. In Europe, LNB is most frequently associated with Borrelia garinii, although 
Borrelia afzelii and Borrelia burgdorferi sensu stricto are also reported.30–32  

Diagnosis of definite LNB in Europe requires a combination of clinical symptoms 
and laboratory findings, including the detection of intrathecally produced Borrelia-
specific antibodies, cerebrospinal fluid (CSF) pleocytosis, and neurological 
symptoms.19,20,33 Obtaining a CSF sample always necessitates an invasive and painful 
lumbar puncture. These challenges with LNB diagnostics underscore the urgent need 
for more robust, sensitive, and reliable methodologies for the detection and 
confirmation of both early and disseminated manifestations. 

Figure 2. Examples of clinical manifestations of Lyme borreliosis (LB), categorized into following 
disease stages: (I) early localized disease, typically characterized by erythema migrans; 
(II) early disseminated disease, which may manifest as Lyme carditis or Lyme 
neuroborreliosis; (III) late disseminated disease, including conditions such as 
acrodermatitis chronica atrophicans and Lyme arthritis; and (IV) post-treatment persistent 
symptoms, often referred to as post-treatment Lyme disease syndrome. 
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 Advances in LB biomarker research have introduced a chemokine CXCL13 (C-
X-C motif chemokine ligand 13) as a diagnostic biomarker for acute LNB.34–36 
CXCL13 is an immune system signaling molecule that guides B cell migration.37,38 
Studies have shown that CSF CXCL13 concentrations rise more rapidly than 
Borrelia-specific antibody levels during the early phase of LNB.39 CXCL13 levels 
also decline rapidly following successful antibiotic treatment.40 This makes CXCL13 
a valuable early CSF biomarker for LNB, especially in cases where traditional 
serological tests may be inconclusive. However, CXCL13 is not an LNB-specific 
marker, and it should not be used as a stand-alone test for acute LNB. Elevated CSF 
CXCL13 levels can also occur in other neuroinflammatory conditions, such as viral 
tick-borne encephalitis (TBE), herpetic CNS infections and neurosyphilis.41 
Therefore, CXCL13’s diagnostic value is optimized when interpreted together with 
clinical symptoms, CSF pleocytosis, and evidence of Borrelia-specific intrathecal 
antibody production.34  
 Interest in metabolomics, i.e., the comprehensive study of small molecules in 
biological systems, is a broadly used field within omics research in clinical settings. 
Metabolomics is used to interpret how genetics, environment, and disease influence 
metabolism and is a major discipline within the omics sciences alongside genomics, 
transcriptomics, and proteomics.  
 Metabolites are small molecules, generally with a molecular mass <1,500 Da. 
They function as intermediates or end products of numerous metabolic pathways and 
play crucial roles in sustaining cellular processes, supporting growth, and maintaining 
physiological functions.42 Thus, the metabolome can provide a dynamic and sensitive 
picture of both physiological and pathological states.43–45 This sensitivity, however, 
increases its vulnerability to external variables such as environmental factors, diet, 
and preanalytical sample handling.46 An overview of the major omic levels and their 
example associations with physiological and environmental factors is shown in Figure 
3. 
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The human metabolome contains immense chemical diversity. Metabolites can be 
broadly classified into primary metabolites and specialized metabolites (formerly 
referred to as secondary metabolites). Primary metabolites are directly involved in 
normal growth, development, and reproduction. These include compounds such as 
carbohydrates, proteins, nucleic acids, and lipids that form the basis for everyday life 
and serve as energy sources. In contrast, specialized metabolites are not essential for 
everyday functions but play critical roles, for example, in ecological interactions, 
defense mechanisms, and signaling. Examples of these include alkaloids, 
polyphenols, and steroids. Despite their different roles, both primary and specialized 
metabolites contribute to the overall chemical processes in biological systems. 
 Even with immense complexity, metabolomics enables the systematic 
investigation of chemical signatures produced in cellular processes, including host-

Figure 3. Overview of the main omics levels (genomics, transcriptomics, proteomics, and 
metabolomics) within biological systems. Each of the omics level reflects a different layer 
of biological regulation. Metabolomics provides the most immediate and dynamic 
snapshot of an organism’s physiological state. While this responsiveness enhances its 
potential for detecting subtle biological changes, this also complicates its use in clinical 
diagnostics, where controlling for confounding variables is required to ensure 
reproducibility and interpretability. 
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pathogen interactions.47 Unlike single-molecule diagnostics, metabolomics captures a  
near-real-time “snapshot” of the chemical space of an organism.48 The metabolome, 
however, is chemically highly diverse, spanning polar and nonpolar compounds, 
volatile and nonvolatile metabolites, and molecules with widely differing 
concentrations and physicochemical properties. As a result, no single analytical 
platform can comprehensively cover the entire metabolome, and many metabolomics 
laboratories therefore analyze the same sample using multiple complementary 
techniques. Metabolomic techniques, such as mass spectrometry (MS) and nuclear 
magnetic resonance (NMR) spectroscopy, are commonly used to measure these 
metabolites with high sensitivity, selectivity, and reproducibility.49,50  

Among MS-based approaches, liquid chromatography–mass spectrometry (LC–
MS) is particularly suitable for a broad range of chemically diverse, nonvolatile 
metabolites51, whereas gas chromatography–mass spectrometry (GC–MS) is 
especially valuable for volatile compounds and for small primary metabolites after 
derivatization52,53. In LC–MS, metabolome coverage is also strongly influenced by the 
chromatographic separation.51,54 Reversed-phase LC is typically more suitable for less 
polar and more hydrophobic metabolites, whereas hydrophilic interaction liquid 
chromatography (HILIC) provides improved retention of highly polar compounds.55,56 
Accordingly, the selected column chemistry further constrains which metabolite 
classes are efficiently retained, separated, and ultimately detected in a given 
workflow.54,55 In addition to chromatographic separation, metabolome coverage in 
LC–MS is also influenced by the ionization technique.57,58 Electrospray ionization 
(ESI) is the most commonly applied ionization method in LC–MS metabolomics, 
whereas atmospheric pressure chemical ionization (APCI) and atmospheric pressure 
photoionization (APPI) may be more suitable for selected less polar analytes or in 
situations where ESI is less effective.57–59 Matrix-assisted laser desorption/ionization 
(MALDI) is also widely used in metabolomics, although more commonly in direct-
analysis and MS imaging applications than in conventional LC-coupled metabolomic 
profiling.60,61 
 The limited coverage of any single metabolomics platform is particularly relevant 
in complex infectious diseases such as LB, where clinically meaningful metabolic 
alterations may occur across several metabolite classes and therefore may not be 
detected by conventional serological or molecular tests.62–67 Preliminary studies have 
demonstrated the utility of metabolomics in distinguishing different stages of LB 68–

73, though comprehensive metabolomic profiling of disseminated LNB remains 
limited.69,74 At the same time, the analytical window achieved in any individual study 
is shaped not only by the instrumental platform but also by sample preparation.51,75 In 
metabolomics, commonly used pretreatment strategies include macromolecule 
precipitation, liquid–liquid extraction, solid-phase extraction, filtration-based 
cleanup, and, in the case of GC–MS, chemical derivatization to improve volatility and 
thermal stability.52,76–78 Because each preparation method enriches certain compound 
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classes while underrepresenting others, the selected pretreatment workflow should 
always be interpreted as a compromise between metabolome coverage, 
reproducibility, throughput, and compatibility with the analytical platform.75–77 In the 
present work, the chosen sample preparation and liquid chromatography–electrospray 
ionization–tandem mass spectrometry (LC–ESI–MS/MS) workflow were designed to 
provide robust and reproducible coverage of a broad subset of serum and CSF 
metabolites under clinically realistic conditions. 
 Selecting relevant sample matrices is critical in metabolomic research, as it 
directly determines the interpretability and significance of the findings. Biofluids, 
such as blood and CSF, provide snapshots of systemic and nervous system-related 
metabolic profiles, respectively. Blood is composed of a cellular component (i.e., red 
and white blood cells, platelets) and a liquid plasma fraction. Plasma is obtained by 
centrifuging anticoagulated blood and removing the cellular fraction. However, when 
blood is allowed to clot before centrifugation, the supernatant is known as serum. 
Serum lacks clotting factors (e.g. fibrinogen and prothrombin) that are present in 
plasma.79 However, clotting activates platelets and enzyme cascades, making the 
serum metabolome more affected by platelet-derived metabolites to some extent.80 
Nevertheless, serum provides a view of systemic metabolism and is relatively easy to 
collect, making it suitable for large-scale clinical studies and biomarker discovery.81 
Serum is mainly an aqueous solution (~95% water) that contains various 
macromolecules such as proteins and peptides (e.g. albumin, globulins, lipoproteins, 
enzymes, hormones), nutrients (e.g. carbohydrates, lipids, amino acids), electrolytes, 
by-products, and small organic molecules.81,82 For metabolomic studies, precipitation 
of large macromolecules from the sample matrix is required prior to analysis. 
 In contrast, CSF is a clear fluid that surrounds and protects the brain and spinal 
cord. It maintains CNS homeostasis, helps to clear metabolic waste, and serves as 
interface with peripheral circulation.83 CSF consists of ~99% water and carries various 
metabolites, including glucose, lactate, amino acids, neurotransmitter precursors, and 
lipids.83,84 Because CSF reflects the metabolomic state of the CNS, it is a highly 
informative sample matrix for neurological disorders such as LNB, multiple sclerosis, 
and Alzheimer’s disease.24,85–88 However, CSF collection is invasive and requires 
strict sampling protocols, most importantly with regard to patient safety, but also to 
avoid contamination of the samples. 
 Both serum and CSF are highly complex sample matrices with wide dynamic 
concentration ranges. This complicates comprehensive metabolite coverage and 
requires robust extraction protocols and analytical strategies.75,83 As with serum 
samples, precipitation of large macromolecules in CSF is required prior to analysis. 
Standardization of pre-analytical steps is critical to minimize variability arising from 
environmental factors.75 Ultimately, the selection and handling of biological matrices 
are the cornerstones of metabolomics, influencing data quality, biomarker validity, 
and clinical translation.89,90 
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 Metabolomics is typically divided into untargeted and targeted strategies. 
Untargeted metabolomics aims to detect as many metabolites as possible without prior 
selection of target analytes, providing a global view of chemical space (global 
metabolomics).91,92 This discovery-driven approach is used to identify novel 
biomarkers and pathways linked to the phenomena of interest.93 For example, 
untargeted profiling of CSF can reveal metabolic signatures linked to 
neuroinflammation and immune activation. After the candidate biomarkers are 
identified, the untargeted workflow typically moves to targeted metabolomics for 
verification and validation. Targeted methods focus on a defined set of metabolites, 
with precise quantification, optimized sensitivity, and reproducibility.92,94 In practice, 
targeted metabolomic approaches often employ optimized MS methods to ensure 
robustness and scalability for routine clinical use.95 
 Metabolomic “fingerprint” profiling typically begins with the detection of 
metabolites using high-resolution MS. Analytes are ionized, and the resulting ions are 
separated based on their mass-to-charge ratio (m/z). This allows differentiation among 
compounds with similar chemical structures and is critical for identification and 
quantification.96 The detected peak intensity or peak area in the generated 
chromatogram reflects the relative or absolute abundance of a specific compound. 
Prior to data analysis, peak areas are typically integrated, aligned, and normalized. 
The next step in the metabolomic workflow is structural characterization, in which 
MS/MS fragmentation patterns, exact masses, and predicted molecular formulae are 
evaluated to assign compound identities and confidence levels. Examples of serum 
and CSF total ion chromatograms are presented in Figure 4.  
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Two main acquisition strategies are used to acquire MS/MS data: data-dependent 
acquisition (DDA) and data-independent acquisition (DIA). In DDA, the most intense 
precursor ions are selected and fragmented to generate high-quality MS/MS spectra. 
DDA approach is highly effective for structural elucidation and building spectral 
libraries because it produces characteristic fragmentation patterns and simplifies 
interpretation.97 DDA is particularly useful for generating comprehensive reference 
MS/MS spectra and supporting compound annotation workflows. However, its 
selectivity towards the most abundant ions can create biased results, potentially 
missing relevant low-abundance metabolites. In contrast, DIA fragments all ions 
within predefined isolation windows, producing multiplexed MS/MS spectra and 
capturing a broader range of molecular features (MFs). Although DIA requires 
advanced computational deconvolution, it offers improved reproducibility and 
coverage, making it increasingly attractive for untargeted metabolomics studies.98 
Recent advances, for example in ultrahigh-resolution MS, ion mobility, and DIA, have 
significantly enhanced metabolite coverage and quantitative accuracy, supporting 
both targeted and untargeted workflows.99–103 These improvements are notable for 
clinical metabolomics, where subtle biochemical changes can help disease 
characterization and treatment monitoring.104 

Untargeted metabolomic analyses create large datasets of high-dimensional LC–
MS data that must be preprocessed in silico prior to statistical analysis. Standard 
metabolomic workflows typically include raw data conversion, chromatographic peak 
detection and deconvolution, LC–MS feature reconstruction, RT alignment, feature 
grouping across samples, gap filling, background/blank filtering, normalization, and 

Figure 4. Examples of total ion chromatograms of paired serum and cerebrospinal fluid (CSF) 
samples from a same individual with acute Lyme neuroborreliosis. 
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stabilization of variance via transformation (e.g., log transformation), batch effect 
correction, and preliminary feature identification (MS library matching for exact 
masses and fragmentation patterns), and pathway analysis.105–107 

Metabolomic data is inherently complex, and untargeted LC–MS analyses can 
include tens of thousands of features. At the same time, sample sizes are often limited 
(e.g. by sample availability and eligibility), creating a setting where the number of 
features exceeds the number of observations (p ≫ n), increasing the risk of statistical 
overfitting.108 In biomarker-focused metabolomic studies, both univariate and 
multivariate statistical approaches are commonly used.89 In clinical contexts, disease-
related MFs are also subtle, especially in between-individual variability 
comparisons.109,110 Consequently, unsupervised methods such as principal component 
analysis (PCA) may fail to separate patient and control groups because dominant 
variance reflects demographic factors, medication, or lifestyle rather than the studied 
disease state itself.89,110,111 While LC–MS data processing typically involves variable 
fragmentation behavior and platform-specific strategies, data processing in GC–MS 
with electron ionization (EI) is partly different because EI produces more standardized 
fragmentation patterns and retention index information, which are often used for 
spectral matching, deconvolution, and metabolite identification. Thus, although the 
general statistical challenges associated with high-dimensional metabolomics are 
shared across platforms, the detailed preprocessing and annotation workflows remain 
method-dependent. 
 Statistical analysis of high-dimensional metabolomic data requires strategies that 
take into account relevant covariates, along with MF normalization and batch effect 
correction.112–114 Approaches such as stratified analyses can reveal data patterns that 
are specific to particular subgroups, with the use of additional matched controls 
improving comparability within heterogeneous samples.115 The use of linear mixed 
models is typically suited for handling within individual correlations (e.g. time point 
measurements), and multivariable regression adjustment for known confounders in 
the data (e.g. age, sex, and use of medication).116 In addition, properly implemented 
cross-validation is crucial for limiting overfitting and obtaining reliable effect 
estimations.108 Combined, these statistical analyses enhance analytical performance, 
limit bias, and strengthen the robustness of conclusions.117 Nonetheless, external 
validation of selected biomarker candidates remains essential to establish their 
statistical reliability and clinical relevance.118  

 Among the most promising tools for interpreting highly complex metabolomic 
data are machine learning (ML) models.119–126 ML is a branch of artificial intelligence 
that focuses on algorithms capable of learning patterns from training datasets. The 
performance of ML models typically improves as the amount of available training 
data increases.  ML models can identify relationships between features and outcomes 
to make accurate predictions and classifications.119,126  
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 ML strategies can be divided into supervised and unsupervised learning 
approaches. Supervised ML uses “labeled” data to train models for prediction or 
classification tasks, such as distinguishing disease stages based on LC–MS metabolite 
profiles.127–129 Commonly used algorithms include Random Forest130, support vector 
machines131, and neural networks132. Unsupervised ML models identify hidden 
structures in unknown data, such as clustering patients by metabolic similarity or 
detecting novel biomarker fingerprints.119,133  
 Feature selection is a crucial step in metabolomic-based ML workflows, as it helps 
to reduce dimensionality and improve model interpretability.134 Algorithms such as 
the regression method LASSO (least absolute shrinkage and selection operator) or 
recursive feature elimination, can help identify the most informative features.135 In 
conclusion, ML models can classify samples, predict treatment response, or integrate 
metabolomics with other omics for a better understanding of systems-level 
insights.136–140  
 This doctoral dissertation represents a step toward the development of a fast and 
sensitive MS-based metabolomics approach designed to serve as a complementary 
tool for the diagnosis of LNB. The aims of the doctoral dissertation were: 
 

1. To establish an analytical workflow for comprehensive metabolomic profiling 
of potential serum biomarkers related to LNB (Article I).  

2. To utilize serum MS data to create a ML model with three classifiers to 
separate, acute pretreatment LNB, post-treatment LNB, and age- and sex-
matched Borrelia antibody-negative (non-LNB) controls (Article II). 

3. To investigate and identify nervous system-specific metabolic alterations 
associated with LNB by performing comprehensive metabolomic profiling of 
CSF samples related to LNB and other CNS infections compared with non-
LNB controls (Article III). 

 

 Article I utilized clinically well-characterized serum samples from a previous 
LNB study141 to develop a robust metabolomics workflow based on ultrahigh-
performance liquid chromatography (UHPLC) coupled with MS/MS. Metabolomic 
profiles were compared between the acute pretreatment phase of LNB and 12 months 
after antibiotic treatment, both within-patients and across LNB individuals. The MS 
dataset was processed in silico prior to statistical analysis, and the most prominent 
MFs altered in LNB were characterized to create serum biomarker panels. MS data 
generated served as the foundation for developing ML-based predictive models for 
disease classification (Article II). Finally, the methodology was extended to CSF 
samples (Article III).   
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 Article II focused on the development of ML models based on three patient 
cohorts: serum samples from the pretreatment LNB state, post-treatment LNB 
samples (from the same individual as the pretreatment sample), and non-LNB control 
samples. Paired samples from the same individuals enabled within-patient analyses, 
improving sensitivity to treatment-related metabolic changes. The non-LNB control 
group was age- and sex-matched to the LNB patients, while the treated LNB cohort 
served as a reference for recovery. Serum samples underwent in silico metabolomic 
analysis and dimensionality reduction prior to ML model development. Three 
supervised ML classifiers were trained with two-thirds of the serum profiles, while 
one-third was used to evaluate model performance. 
 Article III analyzed clinically well-characterized CSF samples from the same 
LNB individuals141, applying the metabolomic workflow from Article I and 
modifying it to accommodate the smaller CSF volumes available. The CSF patient 
cohort included individuals with acute definite LNB as well as a subgroup sampled 
three weeks after the initiation of antibiotic treatment. Non-LNB samples were age- 
and sex-matched to the LNB patients. Cases of other laboratory-confirmed CNS 
infections, including TBE, Herpes simplex virus (HSV), and Varicella zoster virus 
(VZV), were included to investigate biomarkers associated with CNS infections more 
broadly. Furthermore, metabolomic differences between acute LNB patients with and 
without radiculitis were investigated. MS data was processed in silico prior to 
statistical analysis, and the most prominent MFs were characterized to create CSF 
biomarker panels for LNB. 
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2 Materials and Methods 

2.1 Patient samples 

2.1.1 Serum 
LNB serum samples used in Articles I and II were collected during routine 
serological diagnostics and originate from a previous study comparing treatment 
outcomes of oral doxycycline and intravenous ceftriaxone in patients with LNB.141 
For the ML model in Article II, age- and sex-matched non-LNB serum samples 
were collected during routine serological diagnostics from individuals suspected 
of LNB, but showed no detectable intrathecal Borrelia-specific antibody 
production. These individuals were also seronegative for Borrelia by an in-house 
enzyme immunoassay (EIA).142 All serum samples were stored at –20 °C, the 
standard temperature for routine diagnostic samples, and no freezers with 
automated defrost cycles were used.  

For Article I, serum samples (n = 149) from 81 patients were selected for 
UHPLC–MS/MS analysis. All patients had definite acute LNB, with the diagnosis 
confirmed according to the European Federation of Neurological Societies (EFNS) 
guidelines and criteria.33 Of the 81 patients, 68 had both pretreatment and post-
treatment samples available, with the post-treatment samples serving as controls for 
their corresponding pretreatment samples. The median age of the patients was 60 
years (range: 17–88 years), including 28 females (35%) and 53 males (65%). 
Antibiotic treatment consisted of doxycycline in 40 patients and ceftriaxone in 41 
patients. 

For Article II, a subgroup of 34 patients with paired pre- and post-treatment 
serum samples (n = 64) from the Article I cohort was selected. In addition, 34 non-
LNB samples were matched for comparison, and 28 unpaired non-LNB samples 
were included in the analysis. 

2.1.2 Cerebrospinal fluid 
CSF samples from patients with definite LNB in Article III were collected at the 
same time as the corresponding serum counterparts in the previously described 
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study.141 A total of 63 pretreatment CSF samples were available. Of these, 19 (30%) 
were from female patients and 44 (70%) from male patients, with a median age of 
58 years (range: 18–79 years). For two pretreatment LNB patients, matching non-
LNB controls were not available. Radiculitis was observed in 40 patients, while 23 
did not exhibit symptoms.  

In a subgroup of 36 LNB patients, an additional CSF sample was collected three 
weeks after treatment initiation, as specified in the original study protocol, from 
those patients with ≥50 leukocytes/µL in the pretreatment CSF sample.141 In this 
subgroup, 13 (36%) were female and 23 (64%) were male, with a median age of 59 
years (range: 28–78 years). Oral doxycycline was administered to 22 patients, and 
intravenous ceftriaxone was administered to 14 patients. 
 Non-LNB control CSF samples (n = 61) were obtained during routine 
diagnostics and were age- and sex-matched to the LNB patient cohort. These samples 
were collected from individuals suspected of LB/LNB but lacking intrathecal 
Borrelia-specific antibody production and testing negative for Borrelia antibodies 
using an in-house whole-cell antigen preparation-based EIA. In addition, 21 CSF 
samples from patients with other confirmed CNS infections were also included: TBE 
(n = 9), HSV (n = 6), and VZV (n = 6). All CSF samples were stored at –20 °C and 
no freezers with automated defrost cycles were used. 

2.1.3 Ethics approval and informed consent 
Written informed consent had been obtained from all participants in the original 
study, during which the LNB patients’ serum and CSF samples were collected.141  
Ethical approval had been granted by the National Committee on Medical Research 
Ethics in Finland, and institutional permission had been provided by the Wellbeing 
Services County of South-West Finland (T13_2019-1/381700, T012/004/19). 
Definite LNB diagnoses were confirmed according to the guidelines and criteria of 
the EFNS.33 Serum Borrelia antibody-negative non-LNB control samples, together 
with CSF samples from other CNS infections, were identified retrospectively via the 
laboratory information management system of the Clinical Microbiology Laboratory 
of Turku University Hospital. The non-LNB samples had been collected with written 
informed consent from patients suspected of having LB/LNB as part of routine 
clinical practice. All serum and CSF samples were coded to ensure strict anonymity. 
The study followed the ethical principles of the Declaration of Helsinki for research 
involving human participants and biological data. 
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2.1.4 Sample preparation 
Deuterated L-tryptophan-(indole-d5) and DL-phenyl-d5-alanine were used as internal 
standards (IS) during sample preparation and analysis in Articles I-III. L-
tryptophan-(indole-d5) was used to monitor possible analyte loss during sample 
preparation, while DL-phenyl-d5-alanine was used to assess UHPLC–MS/MS 
performance and matrix effects in both serum and CSF analyses. Prior to method 
development, the identities of both ISs were confirmed by matching retention time 
(RT) and MS/MS fragmentation patterns, and accurate masses to those of the correct 
authentic standards. The ISs were detectable in both positive and negative ion modes 
and exhibited moderate UV absorbance. UV detection was primarily used to evaluate 
aqueous mixtures of pure compounds during method development. For the actual 
analysis of serum and CSF samples, standard correction factors were based on 
integrated MS peak areas, as UV detection was affected by interference from their 
naturally occurring counterparts in these matrices. 
 All samples were processed in random order, with matched samples from 
individual patients analyzed within the same batch. All steps were performed at 
consistent vortex speeds and centrifugal forces to preserve analytical comparability 
across matrices. Following slow thawing in ice, serum samples were vortexed at 
750 rpm, and 150 µL of serum was transferred to a new microcentrifuge tube, to 
which 50 µL of a deuterated L-tryptophan-(indole-d5) IS solution (7.125 µM, aq.) 
was added. The mixture was then vortexed for 15 min at 750 rpm. To precipitate 
macromolecules (e.g., proteins), 750 µL of cold methanol was added, and the 
suspension was vortexed for 30 min at 750 rpm. After precipitation, the samples 
were centrifuged for 20 min at a relative centrifugal force (RCF) of 21,913 g. The 
supernatant (700 µL) was transferred to a new microcentrifuge tube and dried under 
vacuum. Dried residues were dissolved in 150 µL of a deuterated 
DL-phenyl-d5-alanine IS solution (10 µM, aq.), vortexed for 15 min at 750 rpm, and 
spin-filtered through 0.2 µm polytetrafluoroethylene (PTFE) microcentrifugal filters 
for 20 min at an RCF of 9,056 g. Following filtration, the samples were pipetted into 
700 µL 96-well plates for UHPLC–QOrbitrap–MS/MS analysis. Aqueous control 
blanks, prepared identically to the serum samples, were included to monitor sample 
preparation performance and assess matrix effects throughout the analysis. 
 CSF samples were processed using the same workflow as serum, with 
proportional scaling to accommodate the lower available sample volumes (50 µL). 
Reagent and reconstitution volumes were proportionally adjusted to maintain 
established solvent-to-matrix and IS-to-analyte ratios, e.g., IS added at 1:3 (v:v) 
relative to the sample volume and methanol at 5:1 (v:v). All subsequent processing 
steps, including mixing, macromolecule precipitation, centrifugation, drying, 
filtration, and analysis conditions, were maintained identical to ensure 
methodological consistency. 
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2.2 UHPLC–MS/MS analysis 
All samples for Articles I-III were analyzed using an Acquity UPLC® unit (for 
Article I-II) or an Acquity Premier UPLC® unit (for Article III) equipped with a 
photodiode array (PDA) detector (Waters Corporation, Milford, MA, USA), coupled 
to a Q Exactive™ hybrid quadrupole-Orbitrap™ MS (Thermo Fisher Scientific 
GmbH, Bremen, Germany) via a heated electrospray ionization (HESI) source.  

Chromatographic separation was achieved on an Acquity UPLC® BEH Phenyl 
column (1.7 μm, 2.1 × 100 mm; Waters Corporation, Wexford, Ireland). Elution was 
carried out using acetonitrile (A) and 0.1% aqueous formic acid (B) at a flow rate of 
0.5 mL × min⁻¹. The gradient program was as follows: 0.0–0.5 min, 0.1% A; 0.5–7.5 
min, 90% A; 7.5–8.5 min, 90% A; 8.5–8.6 min, 0.1% A; and 8.6–10.1 min, 0.1% A. 
The injection volume was 5 μL with a full-loop overfill factor of three. UV data 
(190–500 nm) was collected throughout the run, while MS data was acquired 
between 0.0–7.5 min. During column wash and stabilization, the UHPLC flow was 
diverted to waste. The autosampler kept the sample temperature stable at 4 °C. The 
column temperature was maintained at 40 °C. 

MS analysis was performed in positive ion mode over a mass range of m/z 70–
1,050. Full scans were acquired at a resolution of 70,000, with an Automatic Gain 
Control™ (AGC) target of 3 × 10⁶ and a maximum injection time (IT) of 200 ms. 
Data-dependent MS/MS (dd-MS²) scans were recorded at a resolution of 17,500, 
with an AGC target of 1 × 10⁵ and a maximum IT of 50 ms. The dd-MS² method 
employed a Top N technique, selecting the five most intense ions per cycle for 
fragmentation (MSX count = 1; loop count = 5). A lock mass of m/z 214.08963 was 
applied to improve mass accuracy. 

HESI source parameters were as follows: capillary temperature 380 °C, spray 
voltage 3,800 V, sheath gas (N₂) flow rate 60 (arbitrary units), auxiliary gas flow rate 
20 (arbitrary units), S-lens RF level 60, and probe heater temperature 300 °C. IS 
solutions of DL-phenyl-d₅-alanine and L-tryptophan-(indole-d₅) were injected in 
duplicate every 10 samples. Prior to analysis, sample order was randomized, and the 
instrument was calibrated using Thermo Scientific™ Pierce™ LTQ Velos ESI 
positive ion calibration solution. 

2.3 In silico metabolomic analysis 
For Articles I-III, UHPLC–MS/MS data in RAW format was processed with 
Compound Discoverer 3 (Thermo Fisher Scientific Inc., Waltham, MA, USA; 
version 3.1.0.305). The in silico workflow “Untargeted Metabolomics with Statistics 
Detect Unknowns with ID using Online Databases and mzLogic” was employed for 
all data analysis. The workflow integrated peak detection, RT alignment across 
samples, automated preliminary compound annotation, and the mzLogic scoring 
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algorithm. The resulting feature tables contained metabolite-specific information for 
each detected MF, including accurate mass (m/z), RTs, MS/MS fragmentation 
spectra (where available), and integrated MF peak areas. The MS peak quantification 
results were exported to CSV format for statistical analysis in Articles I and III and 
for ML model development in Article II. 

2.4 Statistical analysis 
In Article I, differences between the pretreatment LNB and post-treatment LNB 
samples were summarized with descriptive statistics, and due to the non-normality 
of the distributions, studied with the Wilcoxon signed-rank test. Statistically 
significant MFs (p < 0.001) in raw and standardized datasets were examined. The 
most prominent MFs were selected based on the MF filtering criteria. Changes in 
serum MF peak areas were required to be at least two-fold, with the alteration in 
median MF peak area ≥ 5 × 105 (counts × seconds) between the pretreatment and 
post-treatment group medians. 
 Linear mixed models were used to evaluate the effects of patients’ 
characteristics. The applied statistical models included a within-factor (time point: 
pretreatment and post-treatment) and between-factors: sex, age, antibiotic treatment, 
hospital, estimated use of acetaminophen (APAP), and reported LNB symptom 
duration. To account for correlations among repeated measurements within-
individuals, the compound symmetry covariance structure was used for the time-
factor. Logarithmic transformation was used. Normality of variables was evaluated 
and tested with the Shapiro-Wilk test. Tests were performed as two-sided (p < 0.05). 
The analyses were carried out using RStudio (version 2023.03.0.386) based on R 
(version 4.3.0; RStudio, PBC, Boston, MA, USA). 

For Article III, statistical analyses were carried out separately across relevant 
CSF comparisons: between pretreatment LNB samples and three weeks after 
treatment initiation samples (comparison A), between pretreatment LNB samples 
and matched non-LNB control samples (comparison B), between pretreatment LNB 
samples and other known CNS infection samples (comparison C), and subgroup 
analysis between pretreatment LNB patients with and without radiculitis 
(comparison D).  

Comparisons A and B were carried out using the Wilcoxon signed rank test due 
to the paired observations. Statistical analysis of comparison C was based on 
independent samples and was evaluated using the Wilcoxon rank sum test. The MF 
differences in comparison D were studied with the same analysis methods as in 
comparison C. Due to the non-normality of the distributions, non-parametric 
methods were applied. 
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Statistically significant MFs (p < 0.001) in both raw and standardized datasets 
were examined. Multivariable models were used to evaluate the effects of patients’ 
characteristics. Linear mixed models for repeated measurements, with compound 
symmetry covariance structure, were performed in comparisons A and B. Logarithmic 
transformations were used. In comparison A, models included a within-factor (time 
point: pretreatment and three weeks after treatment initiation) and between-factors 
(age, sex, CSF leukocyte count, use of APAP, and CSF CXCL13 concentration). In 
comparison B, models included a within-factor (matched pair: pretreatment sample 
and non-LNB controls) and between-factors (age, sex, and use of APAP). Linear 
regression models were used in comparisons C and D. These models included three 
independent variables (age, sex, and use of APAP). The normality of variables was 
evaluated visually and tested with the Shapiro-Wilk test. Tests were performed as two-
sided (p < 0.05). The analyses were carried out using RStudio (version 2024.09.1 Build 
394) based on R (version 4.4.3; RStudio, PBC, Boston, MA, USA). 

2.5 Molecular feature identification 
Preliminary identification of the detected MFs was conducted in silico by screening 
detected MFs against several online databases, including mzCloud™, 
ChemSpider143, KEGG144 (Kyoto Encyclopedia of Genes and Genomes), and 
HMDB145 (Human Metabolome Database). These databases were used to generate 
automatic candidate identifications by comparing experimental fragmentation 
patterns against reference spectra, and by evaluating biological plausibility based on 
suitable metabolic pathways and metabolite classes.  
 Manual evaluations and characterizations were performed with Xcalibur™ 
software (version 4.1.31.9; Thermo Fisher Scientific GmbH, Bremen, Germany), 
integrating multiple criteria such as exact mass (accurate m/z), RT, isotopic patterns, 
adduct formation, charge state, neutral losses, and MS/MS fragmentation behavior 
to assign identification confidence levels. This classification followed the five-level 
system146 proposed by Schymanski et al. (2014), which is aligned with the 
Metabolomics Standards Initiative (MSI) framework118  by Sumner et al. (2007): 
 
 Level 1: Confirmed structure (validated identification with an authentic 

reference standard) 
 Level 2: Putative identification (MS/MS match to the literature)  
 Level 3: Tentative structure (database or literature matches to a molecular 

formula) 
 Level 4: Molecular formula only (including isotope distribution, charge state, 

and possible adduct formation)  
 Level 5: Unique feature (no structural assignment) 
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2.6 Machine learning model 
In Article II, the in silico processed MS feature table was imported into the 
TreeSummarizedExperiment structure in R/Bioconductor147,148 for data 
management. The ML dataset comprised 130 serum samples: pretreatment LNB 
(n = 34), post-treatment LNB (n = 34), and non-LNB controls (n = 62). These 
samples were organized into 62 analytical data cases, including 34 complete matched 
triplets (pretreatment, post-treatment, and matched non-LNB control) and 28 
individual non-LNB control cases. Two-thirds of the data cases (n = 41) were used 
for model training, and one-third (n = 21) were reserved for final testing of the model. 
MF peak areas underwent logarithmic transformation, and MFs directly associated 
with medication use were excluded from the dataset. 
 Supervised classification was performed using Random Forest algorithms 
implemented in the mikropml R package.128 Pairwise classifiers were trained for 
group comparisons: i) pretreatment vs. post-treatment, ii) pretreatment vs. non-
LNB control, iii) post-treatment vs. non-LNB control. Model development within 
the training partition used five-fold cross-validation (80% training fraction per 
fold). 
 Evaluation of the model performance was based on the independent test set 
to compare predicted and known group labels.130 Receiver operating 
characteristic area under the curve (ROC/AUC) was calculated to assess the 
model’s ability to discriminate between classes. Performance was also compared 
against a random baseline to see how much better the model performed than it 
would by chance.  
 Importantly, data was partitioned at the case-level rather than the sample-
level to prevent information leakage across matched triplets and to provide a 
cautious estimate of how well the model would perform on new datasets, thus 
reducing the risk of overfitting. Random Forest were selected for their robustness 
to nonlinear relationships and minimal parametric assumptions, and feature 
importance was assessed using mean decrease in Gini to identify the most 
discriminative MFs.  

2.7 Metabolite set enrichment analysis 
In Article III, Metabolite set enrichment (MSE) analysis was conducted with 
MetaboAnalyst (version 6.0)149. Pathway connections and metabolite-lipid 
annotations were screened from the Relational Database of Metabolomic 
Pathways150 (RaMP-DB) that integrated cross-references to KEGG144 via HMDB145, 
Reactome151, and WikiPathways.152 RaMP-DB metabolite sets containing ≥ three 
entries were required to ensure pathway coverage and reduce instability in MSE 
analysis. Features selected for the MSE analysis comprised a subset of the most 
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prominent and well-characterized MFs with positive HMDB library matches. This 
targeted selection of the subset was made to minimize identification uncertainties 
and strengthen biological interpretability.  
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3 Results and Discussion 

3.1 UHPLC–MS/MS method performance 
To establish a stable and high-throughput UHPLC–MS/MS workflow for untargeted 
metabolomic profiling of serum and CSF from patients with LNB, particular 
attention was first given to sample pretreatment and analytical robustness. Efficient 
removal of macromolecules proved critical for maintaining instrument stability and 
sensitivity over time. Six precipitation ratios were evaluated, and a methanol ratio of 
5:1 (v:v) was selected to ensure effective precipitation, thereby supporting consistent 
chromatographic separation and stable ionization. Method robustness was further 
ensured by randomized injection order and the systematic use of deuterated ISs, 
which were applied during both method development and routine analyses to 
monitor sensitivity, repeatability, and matrix effects. In addition, a lock mass 
function was used to improve mass accuracy. On this basis, a rapid, reproducible, 
and readily adoptable UHPLC–MS/MS workflow for untargeted metabolomic 
profiling of serum and CSF samples from patients with LNB was established. The 
MS platform was operated in positive ion mode across an m/z range of 70–1,050 and 
configured for high-throughput analysis, with 10.1 min chromatographic runs and 
automated sample injections. This configuration enabled large batches of serum and 
CSF samples to be analyzed efficiently within a single analytical time frame. 

Instrument performance was monitored in both serum and CSF samples. 
Examples of IS peak area integration in analyzed serum (Article I) and CSF (Article 
III) samples are presented in Figure 5. Samples exhibiting an IS peak area standard 
deviation (SD) greater than ±30% relative to the dataset average were reanalyzed 
together with their corresponding matched pair(s). To harmonize MF peak areas, IS-
based normalization was applied. For each sample, all detected MF peak areas were 
scaled using a correction factor calculated as the ratio of the average IS peak area 
across the run to the IS peak area of each sample.  
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3.2 Serum metabolomics workflow 

3.2.1 Serum sample cohort 
Serum samples in Article I were obtained from 81 individual patients diagnosed 
with definite LNB. Samples were collected at two clinically relevant time points: 
prior to diagnosis (acute, pretreatment) and 12 months after antibiotic treatment 
(healthy, post-treatment). Paired serum samples were available for 68 patients. In 
addition, six pretreatment samples and seven post-treatment samples were available. 
The serum metabolomics workflow is presented in Figure 6. 
 
 
 
 
 
 
 
 
 
  

Figure 5. Example plots of internal standard (IS) DL-phenyl-d5-alanine’s mass spectrometric (MS) 
peak areas in Article I in serum (panel A) and in Article III in cerebrospinal fluid (CSF; 
panel B) samples. 

 



Results and Discussion 

 33 

 

Figure 6. Untargeted metabolomics workflow in Article I for serum analysis in Lyme 
neuroborreliosis (LNB). Molecular features (MFs) were detected and identified using 
ultrahigh-performance liquid chromatography–tandem mass spectrometry (UHPLC–
MS/MS) -based metabolomics, with Metabolomics Standards Initiative118 (MSI) 
confidence levels. 
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3.2.2 Untargeted in silico serum metabolomics and 
prominent molecular features for Lyme 
neuroborreliosis 

In Article I, untargeted in silico metabolomic analysis of serum samples  
(n = 149) detected a total of 26,978 MFs from the UHPLC–MS/MS data. Paired, 
non-parametric comparisons (Wilcoxon signed-rank) between pretreatment and 
post-treatment sera identified 1,746 MFs that were statistically significant 
(p < 0.001) between pretreatment and post-treatment samples in both raw and IS-
standardized datasets. From these, 91 potential MFs were prioritized for detailed 
statistical analysis and structural identification. Linear mixed modeling was used to 
evaluate the effects of patient characteristics on MF behavior.  

Structural identification uncovered that two of the prioritized MFs were detected 
in both [M+H]+ and [M+2H]2+ charge states. This reduced the number of potential 
MFs from 91 to 89. Combined with statistical behavior, these findings narrowed the 
total number of potential MFs to the final 53. For the 89 structurally unique MFs, 
identification confidence followed the MSI framework118: 10 at Level 2 (tentative 
via MS/MS library/literature), 12 at Level 3 (candidate structures supported by 
formula and MS/MS), 25 at Level 4 (formula/isotopic/adduct evidence), and 42 at 
Level 5 (distinct but unclassified spectral features). All reported MFs passed peak 
quality and alignment criteria and retained consistent RTs within the acquisition 
window.  
 In Article I, five tentatively identified MFs with the most reliable MSI 
identification (Figure 7) were acetylcarnitine (Level 2), L-homoarginine (Level 3), 
leucine-alanine-aspartic acid (Level 3), pipericine (Level 3), and 
6-sulfatoxymelatonin (Level 3), when medication-related MFs were excluded. 
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3.3 Machine learning workflow 

3.3.1 Machine learning serum sample cohort 
The supervised ML classifiers in Article II were based on 130 serum samples and 
their metabolite profiles from three clinically defined cohorts: pretreatment LNB 
(n = 34), post-treatment LNB (n = 34), and non-LNB controls (n = 62). These 
samples were organized into 62 analytical data cases for model development. The 
data cases included 34 fully matched triplets, each comprising a pretreatment LNB 
sample, a post-treatment LNB sample (12-month follow-up), and an age- and sex-
matched non-LNB control. Additionally, 28 unmatched non-LNB control samples 
were included. The data was split at the case level into a training set (two-thirds of 
the cases, n = 41) and a test set (one-third of the cases, n = 21) to avoid information 
leakage and to quantify model performance. The workflow and performance of the 
supervised ML classifiers are presented in Figure 8. 

Figure 7. Box-and-whisker plots of standardized serum peak areas for five example molecular 
features (MFs) showing metabolomic profile changes between acute Lyme 
neuroborreliosis (LNB; n = 36) and post-treatment LNB (n = 36) states in Article I: 
acetylcarnitine (panel A), L-homoarginine (panel B), leucine-alanine-aspartic acid 
tripeptide (panel C), pipericine (panel D) and 6-sulfatoxymelatonin (panel E). 
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Figure 8. Workflow and performance of supervised machine learning (ML) classifiers in clinically 
meaningful patient groups in Lyme neuroborreliosis (LNB): (i) pretreatment LNB vs. post-
treatment LNB (accuracy 0.80), (ii) pretreatment LNB vs. Borrelia antibody-negative (non-
LNB) controls (accuracy 0.86), and (iii) post-treatment LNB vs. non-LNB (accuracy 1.00). 
Classifiers used serum molecular features (MF) from by ultrahigh-performance liquid 
chromatography–tandem mass spectrometry (UHPLC–MS/MS) -based untargeted 
metabolomics (Article II). Data cases were split into training set and testing set at the 
case level to prevent information leakage. 
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3.3.2 Machine learning model-related molecular features 
and classifier accuracy 

In Article II, untargeted in silico metabolomics of the ML serum cohort detected 
32,768 MFs from the UHPLC–MS/MS data. Of these, 27,021 MFs were assigned 
predicted preliminary molecular formulae, 6,675 MFs received automated 
preliminary identifications, and 1,606 MFs had pathway associations.  

For ML feature selection, the original set of 32,768 MFs was first reduced to the 
top-3,000 MFs with the highest coefficient of variation and then narrowed to the top-
200 features exhibiting the strongest association with the group, determined by a 
non-parametric Kruskal-Wallis test (training data only). From these, the top-100 
discriminatory features were determined for each pairwise classifier with clinical 
utility: (i) pretreatment LNB vs. post-treatment LNB, (ii) pretreatment LNB vs. non-
LNB, and (iii) post-treatment LNB vs. non-LNB. Across the three classifiers, 22 
MFs overlapped. Classifier overlaps were as follows: 44 MFs shared between 
classifiers i and ii, 50 MFs between i and iii, and 47 MFs between ii and iii. Each 
classifier also retained unique MFs in its top-100 set: 28 unique MFs in classifier i, 
31 in classifier ii, and 25 in classifier iii. The shared and unique MF distributions are 
presented in Figure 9. 
 

 

Figure 9. Shared and unique molecular features (MFs) among three machine learning (ML) 
classifiers i-iii. Panel A shows the overlap among the top-100 MFs for (i) pretreatment 
LNB vs. post-treatment LNB, (ii) pretreatment LNB vs. Borrelia antibody-negative (non-
LNB) controls, and (iii) post-treatment LNB vs. non-LNB in a Venn diagram. Panel B 
depicts ML classifier-specific unique features within the respective top-100 sets in a bar 
chart. 
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Random Forest classifiers were trained on two-thirds of the data cases and tested 
on the one-third validation set. Observed performance (accuracy) was as follows: 
0.80 for classifier i, 0.86 for classifier ii, and 1.00 for classifier iii. For reference, the 
expected (baseline) accuracies (under class prevalence assumptions) were 0.61, 0.58, 
and 0.63, respectively. In all three tasks, the Random Forest classifier outperformed 
random classification, demonstrating robust discrimination.  

3.4 Cerebrospinal fluid metabolomics workflow 

3.4.1 Cerebrospinal fluid sample cohort 
The CSF cohort in Article III included 181 samples from the following patient 
groups: acute pretreatment LNB (n = 63), three weeks after antibiotic treatment 
initiation LNB (n = 36), non-LNB controls (n = 61), and other CNS infections 
(n = 21). Four different comparisons were investigated: comparison A, a paired 
within-patient analysis between pretreatment LNB and three weeks after treatment 
initiation (36 matched pairs from same individuals); comparison B, a paired case-
control analysis between pretreatment LNB (n = 61) and non-LNB controls (n = 61);  
comparison C, an independent group analysis between pretreatment LNB (n = 63) 
and other CNS infections (n = 21); and comparison D, an independent LNB subgroup 
analysis between pretreatment LNB patients with radiculitis (n = 40) and without 
radiculitis (n = 23). The CSF metabolomics workflow in Article III is presented in 
Figure 10. 
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Figure 10. Untargeted metabolomics workflow in Article III for cerebrospinal fluid (CSF) analysis in 
Lyme neuroborreliosis (LNB). Molecular features (MFs) were detected and identified 
using ultrahigh-performance liquid chromatography–tandem mass spectrometry 
(UHPLC–MS/MS) -based metabolomics, with assignments supported by Metabolomics 
Standards Initiative118 (MSI) confidence levels, MF categories, and Metabolite Set 
Enrichment (MSE) analysis149. 
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3.4.2 Untargeted in silico cerebrospinal fluid metabolomics 
and prominent molecular features for Lyme 
neuroborreliosis 

In Article III, the untargeted in silico metabolomic analysis detected a total of 4,222 
MFs from the CSF samples. In comparison A, statistical analysis identified 977 
statistically significant (p < 0.001) MFs between pretreatment LNB and three weeks 
after antibiotic treatment initiation LNB. After more detailed statistical evaluation of 
patient characteristics combined with MF filtering criteria, a total of 60 MFs 
remained. Closer structural characterization and removal of isotopic replicates 
narrowed the final number to 52 prominent MFs. The estimated patient group effect 
(within-factor: time point) was significant in 15 MFs, excluding three doxycycline 
treatment-associated MFs that were expectedly upregulated at the three-week 
sampling point. Patient age influenced 40 MFs (notably among lipophilic 
compounds), sex affected five MFs with lower peak areas in male patients compared 
to women, CSF CXCL13 was associated with 19 MFs, and the use of APAP 
impacted six MFs (five identified as APAP metabolites). 

In comparison B, 1,421 MFs were statistically significant (p < 0.001) between 
pretreatment LNB and non-LNB control groups. After statistical evaluation of 
patient characteristics and MF filtering criteria, 94 MFs remained. Manual 
characterization and removal of isotopic replicates yielded 87 prominent MFs. The 
estimated group effect (within-factor: matched pair) indicated lower MF peak areas 
in non-LNB samples. The group variable alone explained variation in 55 MFs. Two 
MFs were notably elevated in non-LNB subjects, identified as DL-glutamine 
(306.87% increase) and a hypoxanthine-related MF (400.17% increase). Between-
factor investigation revealed that age influenced 27 MFs, while sex was associated 
with four lipid-related MFs. The use of APAP significantly affected seven MFs, but 
none of them were identified as APAP itself, its known metabolites, or related 
fragments or adduct ions. Additionally, each of these seven MFs also indicated a 
statistical association with the patient group and age. 

In comparison C (an independent comparison), a total of 596 MFs were 
statistically significant (p < 0.001) between pretreatment LNB and other CNS 
infection groups. Statistical evaluation of patient characteristics and implementation 
of MF filtering criteria narrowed the selection to 21 prominent MFs prior to closer 
manual characterization. Group variable differences were detected in four MFs that 
were exclusively influenced by group. Three of these MFs were structurally related 
to a purine nucleoside and its two product ions. The fourth MF was identified as 
acetylcarnitine and confirmed by an authentic reference standard. Age affected two 
MFs (excluding five MFs directly related to APAP), whereas patient sex showed no 
statistically significant associations. APAP use influenced 15 MFs, all of which were 
identified as direct APAP metabolites. Compared with patients taking APAP, 
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non-users showed a 99.63% lower median effect for these MFs. In comparison C, 
six MFs remained as prominent biomarkers independent of medication-related 
effects. 

In comparison D (an independent comparison), 97 MFs were identified as 
significant (p < 0.05) in the LNB radiculitis subgroup analysis. Following statistical 
evaluation and application of MF filtering criteria, three MFs remained for more 
detailed investigation. These MFs were associated with the patient group, exhibiting 
a median estimated group effect of a 117.63% increase in radiculitis. One MF was 
identified as isopropanolamine myristate, while the two MF remained unknown. All 
three MFs showed significant association with age and CSF leukocyte count. No 
significant associations were observed for sex, CSF CXCL13 concentration, or the 
use of APAP. 

None of the final 131 MFs were shared across all four comparisons. Comparison 
A overlapped with comparisons B (27 MFs), C (one MF), and D (one MF). After 
excluding directly medication-related features (one APAP-related and three 
doxycycline-related MFs), 45 MFs remained in A (16 unique and 29 shared). 
Comparison B shared no MFs with comparisons C or D, highlighting 60 specific 
MFs for B (eight were influenced by the use of APAP). In comparison C, five 
comparison-specific MFs remained after excluding one MF shared with comparison 
A and 17 MFs related to APAP metabolites. Comparison D shared one MF with 
comparison A, leaving two unique comparison-specific MFs.  

Manual characterization of prominent MFs was based on exact mass, derived 
molecular formula, MS/MS patterns, RT, MS databases, statistical behavior, and 
reference standards. MFs were classified into five categories: lipids/lipid-type 
features (category I: 76 MFs), other identified endogenous/exogenous features 
(category II: 27 MFs), currently unidentified potential LNB features (category III: 
6 MFs), medication-associated MFs where infection-related processes may also 
contribute (category IV: 8 MFs), and directly medication-related MFs (category V: 
19 MFs). Categories II and III shared five MFs. Two MFs in category IV and four 
in category V lacked assignable molecular formulae based on exact masses.  

MF identification confidence followed the MSI criteria118: seven MFs were at 
Level 1 (confirmed by reference standards), 52 at Level 2 (tentative via MS/MS 
library/literature), 42 at Level 3 (candidate structures supported by formula and 
MS/MS), 27 at Level 4 (formula/isotopic/adduct evidence), and 3 at Level 5 (distinct 
but unclassified spectral features). Pathway analysis identified 25 significant 
pathways (p < 0.05), with nine metabolomic pathways emerging as the most 
prominent and potentially relevant to LNB.  



Ilari Kuukkanen 

42 

3.5 Integrative overview and analytical context 
The findings of this doctoral dissertation indicate that MS-based metabolomics is 
capable of detecting metabolic alterations associated with LNB and may serve as a 
potential complementary tool, alongside more conventional diagnostic methods. 
Although comprehensive metabolic profiling revealed infection-associated changes, 
the complexity and heterogeneity of patients’ clinical data necessitate careful 
interpretation of the presented results. 

3.5.1 Serum metabolomics and identification of prominent 
molecular features 

In Article I, the primary focus was on method development and workflow 
optimization. During this stage, priority was given to establishing a high-throughput 
untargeted metabolomics workflow that was capable of robust and reproducible MF 
coverage, supported by comprehensive statistical evaluation. Within this context, 
identified Level 2 and Level 3 MFs currently represent the most informative findings 
between acute pretreatment LNB and post-treatment LNB, supported by either MS 
library spectra or high-confidence molecular formulae. Definitive metabolite 
identification (Level 1) requires targeted analyses using authentic reference 
standards, as later demonstrated in Article III.  

Acetylcarnitine, identified with an authentic reference standard in Article III 
comparisons A and C (Level 1: matching m/z, MS/MS spectra, and RT), is an 
acetylated carnitine linked to mitochondrial fatty acid transport, neuroprotection, and 
reduced neuroinflammatory signaling.153  Acetylcarnitine has also been shown to 
assist in regulating mitochondrial acetyl-CoA levels and to shuttle two carbon units 
across mitochondrial membranes.154 Therefore, changes in its abundance are more 
likely to reflect alterations in mitochondrial workload rather than being a binary 
“on/off” disease biomarker.154  

Serum acetylcarnitine levels (MF peak areas) observed in Article I were elevated 
in LNB post-treatment samples compared to pretreatment LNB samples. However, 
in Article III, CSF samples showed that acetylcarnitine levels were highest in 
pretreatment LNB and declined three weeks after treatment initiation. Additionally, 
other known CNS infections (TBE, HSV and VZV) showed higher CSF levels 
compared to pretreatment LNB. This pattern, shown in Figure 11, fits with the 
observations of prior CSF metabolomic studies in infectious neuroinflammation, 
where short-chain acylcarnitines are notably elevated (e.g., in viral and tuberculous 
meningitides) and then normalized during recovery.155,156  
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 Divergences between serum and CSF analyte levels are plausible due to the 
blood-brain barrier and the blood-CSF barrier, which regulate molecular exchange 
between the systemic circulation and the CNS.157,158 Therefore, CSF acetylcarnitine 
may indicate mitochondrial load during nervous system inflammation, whereas 
serum acetylcarnitine may reflect systemic recovery and energy repletion.159,160 
 Other identified MFs in Article I included L-homoarginine, Leu-Ala-Asp 
tripeptide, pipericine, and 6-sulfatoxymelatonin (Figure 12). Reduced levels of L-
homoarginine in LNB may indicate changes in nitric oxide synthesis and vascular 
stress.161,162 During acute LNB, higher levels of Leu-Ala-Asp tripeptide can be 
consistent with small peptides produced by proteolysis, thus supporting increased 
protease activity and protein turnover during inflammation.163–166 The MF annotated 
as the piperidine alkaloid pipericine from Piper nigrum should be interpreted with 
caution. Although such alkaloids exhibit anti-inflammatory and neuromodulatory 
effects167,168, they are also known as dietary xenobiotics and bioenhancers169,170. The 
principal urinary metabolite of melatonin, 6-sulfatoxymelatonin, may indicate 
circadian-immune coupling, which has been shown to be altered in acute disease 
states.171–173  
 In accordance with the MSI, untargeted metabolomic findings presented in 
Article I should be regarded as tentative. Definitive identification and better clinical 
interpretability require confirmation via targeted UHPLC–MS/MS using authentic 
reference standards to achieve Level 1 confidence with matching RTs and 
fragmentation patterns.118,174 

 Figure 11. Box-and-whisker plots of standardized peak areas for acetylcarnitine in Article I in Lyme 
neuroborreliosis (LNB) patients’ serum [panel A; pretreatment LNB (n = 63) vs. 
post-treatment LNB (n = 63)] and Article III cerebrospinal fluid (CSF) comparison A [panel 
B; pretreatment LNB (n = 61) vs. three weeks after treatment initiation (n = 61) and 
comparison C [panel C; pretreatment LNB (n = 63) vs. other known central nervous 
system (CNS) infections (n = 21)]. 
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MFs assigned to MSI confidence levels 4-5 in Article I are still considered as 

prominent biomarkers for LNB. Even though their chemical structures are yet 
unknown, their statistical discriminative behavior between groups can help the 
identification of acute LNB from already treated disease. A pragmatic next step is to 
enhance the MSI identification confidence levels with targeted parallel reaction 
monitoring (PRM). This would enable selective isolation of known precursor ions 
and acquisition of their characteristic MS/MS spectra. The resulting fragmentation 
patterns can then be screened against spectral databases and evaluated through 
manual identification to generate structural hypotheses, which can subsequently be 
confirmed using authentic reference standards.  

Many of the Level 5 MFs were also detected as [M+2H]²⁺ ions. In (H)ESI, a 
stable doubly charged ion state (z = 2) typically refers to molecules with two or more 
protonation sites (e.g., peptides, polyamines, or strongly basic, higher-mass 
metabolites). The characteristic ~0.5 Da isotopic spacing between monoisotopic 
signals for doubly charged ions enabled calculation of the corresponding neutral 
masses, even when the molecular formulae and structures remained unknown.175–177 
In addition, (H)ESI behavior also depends on the eluent composition. Small changes 
in the acidic or basic modifier (e.g., formic acid vs. ammonium acetate) and in the 
proportion of organic solvent can shift charge states and adduct formation.178,179 In 

Figure 12. Box-and-whisker plots of standardized peak areas for L-homoarginine (panel A), leucine-
alanine-aspartic acid (panel B), pipericine (panel C) and 6-sulfatoxymelatonin (panel D) 
in Lyme neuroborreliosis (LNB) patients’ serum [pretreatment LNB (n = 63) vs. 
post-treatment LNB (n = 63)] in Article I. 
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practice, acidifying the eluent or switching to ammonium can favor formation of 
[M+H]⁺ or [M+NH₄]⁺, respectively, which may simplify spectral interpretation and 
compound identification.  

3.5.2 Serum metabolomics enhanced with machine learning 
In Article II, Random Forest-based supervised ML applied to untargeted serum 
metabolomics was able to distinguish acute pretreatment LNB, post-treatment LNB, 
and non-LNB controls, indicating that serum metabolic profiles contain biologically 
relevant information linked both to active disease and to the post-treatment state.  
Importantly, the study design strengthened this interpretation by combining paired 
pre- and post-treatment samples from the same individuals, an age- and sex-matched 
non-LNB comparison group, and an independent training/validation split, thereby 
increasing sensitivity to individual-level metabolic change while reducing the 
likelihood that the observed performance reflected only within-dataset fitting.   
 Before classifier training, the original untargeted data set of 32,768 MFs was 
reduced to the top-3,000 high-variance features and then to the top-200 most group-
associated features, illustrating a deliberate dimensionality-reduction strategy that is 
appropriate for high-dimensional metabolomics data. The observed classifier 
performance was clearly above the study-specific naive baselines in all pairwise 
comparisons: 0.80 versus 0.61 for pretreatment vs. post-treatment LNB, 0.86 versus 
0.58 for pretreatment LNB vs. non-LNB controls, and 1.00 versus 0.63 for post-
treatment LNB vs. non-LNB controls.  Because the comparison groups were not 
perfectly balanced, these margins above the expected baseline are more informative 
than the raw accuracy values alone and support the conclusion that the models 
captured non-random disease-related structure in the serum metabolome.  Receiver 
operating characteristic analyses further supported this interpretation by 
demonstrating robust discriminatory performance across all three pairwise tasks. 
 An important methodological observation is that this strong supervised 
performance was achieved despite only modest global separation in unsupervised 
ordination, with group differences explaining only a limited proportion of the total 
variance in the data. This suggests that LNB-related information is not necessarily 
expressed as a dominant shift visible in exploratory ordination plots, but rather as a 
distributed multivariate pattern spanning numerous MFs that becomes informative 
when modeled in a supervised framework. In this respect, the Random Forest 
approach appears to have captured subtle but systematic serum metabolomic 
differences that were not fully apparent in unsupervised analysis alone.  
 A further notable finding was that the discriminatory MFs were not completely 
classifier-specific, but were partly shared across comparisons. In the model, 22 MFs 
were present in all three classifiers, and additional overlaps were observed between 
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the longitudinal and case-control comparisons. This pattern supports the presence of 
a more persistent infection-related metabolic signature rather than a profile 
attributable solely to treatment status. At the same time, the clinically most relevant 
pretreatment LNB vs. non-LNB comparison remained strongly discriminative, 
indicating that the model did not merely separate recovery status from other clinical 
backgrounds, but also captured serum features linked to active disease. The 
especially strong separation between post-treatment LNB and non-LNB controls 
may suggest that metabolomic alterations persist after clinical recovery and could, 
in principle, assist in recognizing prior disseminated Borrelia exposure in 
diagnostically uncertain cases. This interpretation is consistent with earlier LB 
metabolomics studies, in which metabolic biosignatures and ML-based feature 
selection improved diagnostic discrimination in early disease68,123, supporting the 
broader concept that infection-related metabolic changes can be detected even when 
conventional serological interpretation is limited. However, any “perfect” 
classification should be interpreted cautiously, as small sample size, biological 
heterogeneity, MS technical variance, and preprocessing choices may all contribute 
to optimistic estimates of classifier performance in high-dimensional metabolomics 
data. 
 Several factors may contribute to the persistent differences observed after 
clinical recovery. First, Borrelia-specific antibodies can remain elevated for months 
after successful treatment of disseminated LB.21–23 Second, host immune signals may 
also remain altered after treatment in LNB. For example, serum cytokine interferon-
α has been shown to persist over a one-year follow-up180, whereas in early 
disseminated LB, interferon dominated blood transcriptomes may persist after 
treatment before normalizing approximately at 6 months.181 Third, broad spectrum 
antibiotics (e.g., ceftriaxone) used to treat LNB may disturb the gut microbiome and 
affect systemic metabolites.182–184  

 In this context, the post-treatment signature identified by the ML model should 
not be interpreted simply as evidence of ongoing infection, but rather as a composite 
reflection of convalescence, persistent host-response pathways, and treatment-
associated systemic effects.  In contrast, the ML models’ discriminatory MFs were 
partially shared across classifiers, including in the pretreatment LNB vs. non-LNB 
comparison, suggesting that at least part of the signal reflects infection-linked host 
biology rather than treatment alone. From a translational perspective, this is 
encouraging because the non-LNB comparison group did not consist only of healthy 
controls, but of non-LNB individuals evaluated in routine clinical practice, including 
patients with other suspected infectious, inflammatory, or autoimmune conditions.  
This makes the classification task clinically more relevant, as future complementary 
diagnostic tools must distinguish LNB from heterogeneous real-world alternatives 
rather than from health alone.  However, given the limited number of cases, the 
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current ML model should still be regarded as demonstrating comparative diagnostic 
potential rather than readiness for clinical use. External validation in larger, 
temporally separated, and multicenter cohorts will be essential before clinical 
implementation can be considered. Overall, Article II provides proof-of-principle 
that serum metabolomics enhanced with supervised ML can recover clinically 
meaningful signatures of acute LNB and post-treatment recovery, thereby offering a 
rational basis for future targeted biomarker-panel development and external model 
validation. 

3.5.3 Cerebrospinal fluid metabolomics and identification of 
prominent molecular features 

Article III employed UHPLC–MS/MS-based metabolite profiling of CSF to 
identify LNB-associated metabolic alterations. Four comparisons were investigated: 
(A) a within-patient comparison of acute pretreatment LNB CSF  
and paired CSF samples collected three weeks after treatment initiation  
from the same individuals who had ≥ 50 leucocytes/µL in pretreatment CSF; (B) a 
paired comparison between acute LNB CSF and age- and sex-matched non-LNB 
control CSF samples; (C) an independent comparison of acute LNB CSF and other 
laboratory confirmed CNS infection CSF samples (TBE, HSV and VZV); and (D)  a 
comparison among acute LNB cases with and without radiculitis. Of the 4,222 MFs 
detected, 131 were prioritized based on statistical significance, effect size, and 
structural characterization, highlighting potential candidate CSF biomarkers. 
 Several CSF MFs in LNB were linked to tryptophan metabolism and lipid 
signaling pathways. Multiple MFs are also associated with CSF CXCL13 
concentrations, a biomarker used in acute LNB diagnostics.34,35,40,41 Most elevated 
MFs in comparison A declined at three weeks after treatment initiation (excluding 
APAP and its related metabolites). Comparison B confirmed the specificity of 
several profile alterations by distinguishing pretreatment LNB and non-LNB 
controls. Several overlaps between comparisons A and B suggest the possibility of 
identifying both disease-specific and general infection biomarkers. Comparison C 
revealed a smaller set of MFs shared with other known CNS infections alongside 
MFs more specific to LNB. Among the shared endogenous MFs, acetylcarnitine 
emerged as a general infection biomarker, similarly as in Article I. In comparison 
D, fewer significant differences were detected, which may reflect the complex 
influence of radiculitis on the CSF metabolome and subgroup heterogeneity. 
Previously, LNB with meningoradiculoneuritis (Garin-Bujadoux-Bannwarth 
syndrome) has been shown to exhibit a distinct immune profile185, supporting future 
targeted metabolomic studies relating to LNB radiculitis. 
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 In Article III, a total of 76 MFs were classified in category I (lipids and lipid-
type compounds). These MFs included lysophospholipids (LysoPLs), sphingolipids, 
primary fatty acid amides, cyclic phosphatidic acids (cPAs), and other related lipids. 
The LysoPLs, divided into lysophosphatidylcholine (LysoPC) and 
lysophosphatidyl-ethanolamine (LysoPE) subclasses, were most abundant in acute 
LNB (comparisons A and B) and were reported to be involved in membrane 
remodeling and intracellular signaling.186,187 Several LysoPCs were identified, 
including LysoPC(16:0) and LysoPC(22:6), which have been linked to 
phospholipase A₂ activity in LNB serum188.  Additional LysoPCs previously 
associated with neuroinflammation189 were also identified, namely LysoPC(P-16:0), 
LysoPC(P-18:0), and two LysoPC(18:1) isomers. Notably, LysoPC(18:1) elevations 
have been reported in association with neuropathic pain after peripheral nerve 
injury190, and their involvement in LNB remains to be investigated further. Examples 
of detected LysoPL peak areas for comparisons A and B are presented in Figure 13. 
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 Sphingolipid-related changes were also detected. Five sphingoid bases were 
elevated in acute LNB infection in comparisons A and B: three isomers of C17-
sphinganine, d19:0-sphinganine, and 3-ketosphingosine. As precursors of myelin 

 
Figure 13. Examples of box-and-whisker plots of standardized CSF molecular feature (MF) peak 

areas for lysophosphatidylcholines (LysoPCs) and lysophosphatidylethanolamine 
(LysoPE) detected in Article III. Panels depict MFs in comparison A [pretreatment LNB 
(n = 36) vs. three weeks after treatment initiation from the same individuals (n = 36)] and 
comparison B [pretreatment LNB (n = 61) vs. Borrelia antibody-negative (non-LNB) 
controls (n = 61)]. Panel assignments are as follows: (A) LysoPC(16:0), comparison A; 
(B) LysoPC(16:0), comparison B; (C) LysoPC(P-16:0), comparison A; (D) 
LysoPC(P-16:0), comparison B; (E) LysoPC(18:1), comparison B; (F) LysoPC(P-18:1), 
comparison A; (G) LysoPC(P-18:1), comparison B; (H) LysoPC(22:6), comparison B; and 
(I) LysoPE(P-18:0), comparison B. 
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sphingolipids and bioactive signaling mediators, elevations in d19:0‑sphinganine 
and 3‑ketosphingosine have been associated with altered sphingolipid metabolism in 
multiple sclerosis, neuropathic pain, and neurodegeneration.191–194 Examples of 
detected sphingoid base peak areas in comparisons A and B are presented in Figure 
14. 
 

 A total of four sphingomyelins (SMs) were detected in comparison A, 
SM(d18:1/14:0), SM(d18:1/16:1), SM(d18:1/15:0), and SM(d18:1/16:0), with 
SM(d18:1/14:0) and SM(d18:1/16:1) also identified in comparison B. Elevated CSF 
sphingomyelins have been reported as biomarkers of active Guillain-Barré syndrome 
and chronic inflammatory demyelinating polyradiculoneuropathy195, supporting 
their potential role also in LNB. Additionally, one phosphoceramide, 
CerP(d14:0/18:0), was detected in comparison A. These features are presented in 
Figure 15. 

 
Figure 14. Examples of box-and-whisker plots of standardized CSF molecular feature (MF) peak 

areas for sphingoid bases detected in Article III. Panels depict MFs in comparison A 
[pretreatment LNB (n = 36) vs. three weeks after treatment initiation from the same 
individuals (n = 36)] and comparison B [pretreatment LNB (n = 61) vs. Borrelia 
antibody-negative (non-LNB) controls (n = 61)]. Panel assignments are as follows: (A) 
C17-sphinganine, comparison A; (B) C17-sphinganine, comparison B; (C) 
d19:0-sphinganine, comparison B; and (D) 3-ketosphinganine, comparison B. 
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Identified CSF primary fatty acid amides (linoleamide, myristamide, 
palmitoleamide, and oleamide) were found to be statistically significant only in 
comparison B. Primary fatty acid amides are known as neurologically active lipids 
that have been shown to modulate inflammation, neuronal signaling, and glial 
function.196–200 Notably, oleamide has been associated with anti-inflammatory effects 
in microglia201, inhibition of glial gap junction communication202, and multireceptor 
interactions, with accumulation in CSF during sleep deprivation.203,204 In addition, 

 
Figure 15. Box-and-whisker plots of standardized CSF molecular feature (MF) peak areas for 

sphingomyelins (SMs) and a phosphoceramide (CerP) in Article III. Panels depict MFs 
in comparison A [pretreatment LNB (n = 36) vs. three weeks post-treatment from the same 
individuals (n = 36)] and comparison B [pretreatment LNB (n = 61) vs. Borrelia 
antibody-negative (non-LNB) controls (n = 61)]. Panel assignments are as follows: (A) 
SM(d18:1/14:0), comparison A; (B) SM(d18:1/14:0), comparison B; (C) SM(d18:1/16:1), 
comparison A; (D) SM(d18:1/16:1), comparison B; (E) SM(d18:1/15:0), comparison A; (F) 
SM(d18:1/16:0), comparison A; and (G) CerP(d14:0/18:0), comparison A. 
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isopropanolamine myristate (a fatty acid derivative) was detected in comparison D. 
Two cPAs, cPA(16:0) and cPA(18:2), were identified in comparison A, and 
cPA(16:0) was also elevated during acute LNB in comparison B. Both were 
statistically associated with CXCL13 concentration in CSF, suggesting a possible 
link between cPA signaling and chemokine mediated immune activation. Generally, 
cPAs are known to inhibit cell proliferation, migration, and neuroinflammatory 
responses.205,206 Peak areas of the detected primary fatty acids, fatty acid derivative, 
and cPAs are presented in Figure 16. Additional identified lipid associated MFs were 
two spirostane-3,6-dione isomers, valenciaxanthin, methyl-12-oxo-octadecanoate, 
and oxo-octadecanoic acid. However, their biological relevance in LNB remains to 
be determined.  
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The levels of several category II endogenous and exogenous MFs were affected, 
indicating alterations in amino acid metabolism. Endogenous MFs included, for 
example, DL-kynurenine, quinolinic acid, 5-hydroxytryptophan, acetylcarnitine, 
glutarylcarnitine, N-acetylaspartylglutamate (NAAG), and DL-glutamine. These 
MFs, except for acetylcarnitine (Figure 11, panels B and C), are presented in Figure 
17. 

 
Figure 16. Box-and-whisker plots of standardized CSF molecular feature (MF) peak areas for 

primary fatty acid amides, fatty acid derivative, and cyclic phosphatidic acids (cPAs) in 
Article III. Panels depict MFs in comparison A [pretreatment LNB (n = 36) vs. three weeks 
after treatment initiation from the same individuals (n = 36)], comparison B [pretreatment 
LNB (n = 61) vs. Borrelia antibody-negative (non-LNB) controls (n = 61)], and comparison 
D [LNB with radiculitis (n = 40) vs. LNB without radiculitis (n = 23)]. Panel assignments are 
as follows: (A) linoleamide, comparison B; (B) myristamide, comparison B; (C) 
palmitolamide, comparison B; (D) oleamide, comparison B; (E) isopropanolamine 
myristate, comparison D; (F) cPA(16:0), comparison A; (G) cPA(16:0), comparison B; and 
(H) cPA(18:2), comparison A. 
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 Among the endogenous MFs, NAAG is known as one of the most abundant 
neuropeptides in the CNS environment that modulates synaptic glutamate release 
and protects against excitotoxicity.207 NAAG was statistically associated with the 
patient groups and with APAP use in comparison B. It was therefore classified as a 
category II biomarker, while also showing sensitivity to category IV. Both 5-
hydroxytryptophan and its MS/MS dehydration fragment were associated with the 

Figure 17. Examples of box-and-whisker plots of standardized CSF molecular feature (MF) peak 
areas for selected endogenous metabolites in Article III. Panels depict MFs in 
comparison A [pretreatment Lyme neuroborreliosis (LNB; n = 36) vs. three weeks after 
treatment initiation (n = 36)] and B [pretreatment LNB (n = 61) vs. Borrelia antibody-
negative (non-LNB) controls (n = 61)]. Panel assignments are as follows: (A) DL-
kynurenine, comparison A; (B) DL-kynurenine, comparison B; (C) 5-hydroxytryptophan, 
comparison A; (D) 5-hydroxytryptophan, comparison B; (E) glutarylcarnitine, comparison 
B; (F) N-acetylaspartylglutamate, comparison B; (G) quinolinic acid, comparison A; and 
(H) quinolinic acid, comparison B. 
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use of APAP in comparison B. However, the strongest effects were attributed to 
patient group, followed by age, whereas APAP showed the weakest association.
 DL-kynurenine and its kynurenine pathway-related fragmentation products were 
statistically significant in comparisons A and B but not in comparison C. This 
finding was consistent with increased tryptophan degradation via the kynurenine 
pathway in acute LNB and other CNS infections (e.g., TBE).208–211  
 Another kynurenine pathway metabolite, the neuroactive quinolinic acid, which 
is an N-methyl-D-aspartate (NMDA) receptor agonist212,213, was statistically 
associated with patient group and CSF CXCL13 concentration in comparison A, and 
with patient group, age, and use of APAP in comparison B. Although quinolinic acid 
is not a product of APAP metabolism, APAP (and acetylsalicylic acid) has shown to 
inhibit quinolinic acid-induced lipid peroxidation and oxidative damage in animal 
models.214 Accordingly, quinolinic acid was statistically significant in both 
endogenous category II and medication associated category IV features. 
 A total of nineteen medication derived MFs in category V and eight MFs in 
category IV were detected in the CSF metabolomic data. Sixteen MFs were 
identified as APAP and its known phase I/II and minor metabolites in Article III, 
supported by characteristic mass shifts, fragments, and adduct ions.215–219 Three of 
the APAP-related MFs lacked high-confidence MS/MS data, but the shared 
molecular formulae and statistical behavior with well-characterized APAP 
metabolites (e.g., APAP-glucuronide and APAP-cysteine) supported their 
classification as APAP-derived MFs in category V. The three remaining MFs were 
identified as doxycycline, an in-source MS fragment ion of doxycycline, and a 
metabolite of doxycycline, all of which were statistically significant in comparison 
A. Their MS signals were observed only during the samples collected three weeks 
after treatment initiation, consistent with ongoing treatment and supporting the 
sensitivity of the analytical method.  
 In contrast, no MFs associated with ceftriaxone or its metabolites reached 
statistical significance, although ceftriaxone was detected in treated patients (n = 14) 
in comparison A. Its lower peak areas in MS analyses compared with doxycycline 
(n = 22) likely reflect both pharmacokinetic and analytical differences. Ceftriaxone 
is highly protein-bound, limiting CNS penetration, while doxycycline is more 
lipophilic and penetrates CSF more consistently (~10–30% of serum 
concentrations).220,221 Moreover, ceftriaxone’s polarity and interactions with proteins 
and Ca²⁺ ions may impair extraction and increase matrix effects, and ionization 
efficiency may also differ between compounds.222–225 Ceftriaxone also exhibits 
delayed and variable CSF penetration, whereas doxycycline shows more stable 
exposure due to its longer half-life and more predictable CSF penetration.221,226,227  
 MSE pathway analysis identified changes in glycerophospholipid catabolism 
and phosphatidylinositol metabolism, consistent with prior phospholipidomic 
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observations of disturbed LysoPC and SM species in LNB plasma.228 Enrichment of 
amino acid-related pathways (tryptophan, alanine/aspartate, glutamate/glutamine, 
and aspartate/asparagine) was consistent with elevated kynurenine pathway activity 
in acute LNB and in other tick-borne infections, with differential activation reported 
in pediatric LNB compared to TBE.208–211,229,230 Signals of branched-chain fatty acid 
oxidation suggest alterations in mitochondrial energy metabolism and acylcarnitine 
accumulation231, with similar changes reported in early LB serum.69 MSE analysis 
also highlighted pathways linked to cerebral organic acidurias that may reflect 
accumulation of metabolic intermediates and overlap with possible neurotoxic 
mechanisms of inflamed CSF. 

3.6 Translational relevance and future 
perspectives 

All samples used in this doctoral dissertation originated from routine diagnostics, 
which gives the work clear translational relevance. Rather than relying on idealized 
research-only materials, the studies were based on specimens that reflect everyday 
clinical laboratory conditions, including routine pre-analytical handling, storage, and 
patient heterogeneity. This is particularly important in the context of LNB, where 
current diagnostics rely heavily on CSF analysis and therefore require lumbar 
puncture. Approaches based on serum or other routinely collected samples could, in 
the future, complement existing diagnostics by refining diagnostic suspicion, aiding 
patient stratification, and potentially reducing the need for invasive procedures in 
selected situations. At present, however, these methods remain preliminary, and their 
clinical relevance will ultimately depend not only on analytical performance, but also 
on whether they improve the broader diagnostic pathway, including timeliness, 
interpretability, and patient management. 

From the perspective of practical implementation, the current workflow is better 
regarded as a development platform than as a ready-to-implement routine assay. 
Untargeted metabolomics provides broad molecular information, but its routine 
clinical use would require robust standardization of sample preparation, data 
acquisition, quality control, and data analysis. Early implementation would therefore 
most likely be feasible in specialized or university hospital laboratories with existing 
analytical and computational expertise. Broader clinical use would likely require 
further refinement of the present workflow into a targeted and standardized 
biomarker panel with clearly defined thresholds and a fixed analytical pipeline. In 
this sense, the present work should be viewed as an important step toward clinical 
translation rather than a fully mature diagnostic solution. 

Regulatory applicability is another key consideration. Clinical implementation 
requires more than promising biomarker discovery: scientific validity, analytical 
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performance, and clinical performance must all be demonstrated for the intended use 
of the method. This requirement applies not only to the analytical assay itself, but 
also to any future computational model used for classification. The use of routine 
diagnostic samples is advantageous in this regard, as it increases the relevance of the 
findings to real clinical practice. Nevertheless, external validation, multicenter 
reproducibility studies, and prospective evaluation in the intended clinical setting 
will still be necessary before regulatory implementation becomes realistic. 

Cost-effectiveness and cost-utility must be assessed at the level of the entire 
diagnostic pathway rather than the laboratory test alone. Although untargeted 
metabolomic workflows have traditionally been associated with relatively high 
instrumentation costs, MS platforms have become more robust, more accessible, and 
increasingly attractive for clinical use as automation and throughput have improved. 
It is also important to distinguish between the discovery phase and the eventual 
clinical assay. High-resolution MS is primarily needed for untargeted biomarker 
discovery and characterization, whereas a future routine diagnostic application 
would most likely rely on a targeted method implemented on a triple quadrupole 
LC–MS/MS platform. Triple quadrupole instruments remain the dominant platform 
for targeted clinical MS because of their relative affordability, analytical sensitivity, 
specificity, and suitability for routine quantitative testing. This is also relevant from 
a practical and economic perspective, as many university hospital laboratories 
already have triple quadrupole-based LC–MS/MS platforms in routine use. A 
targeted assay based on the biomarkers identified in this dissertation could therefore, 
in principle, be implemented without major additional capital investment, meaning 
that the main additional costs would arise from assay development, validation, and 
workflow integration rather than from the acquisition of entirely new 
instrumentation. If such an assay shortens time to diagnosis, reduces unnecessary 
invasive procedures or additional investigations, and improves diagnostic 
confidence, it may also provide meaningful clinical and economic value. 

At the same time, the present work has limitations that affect its immediate 
clinical applicability. Because the samples were obtained from routine clinical 
diagnostics, they were not stored at −80 °C, which may have affected less stable 
metabolites. This was nevertheless intentional, as the aim was to develop an 
approach that could ultimately be applied to routine clinical samples without 
requiring special handling. The storage conditions are therefore justified from a 
translational perspective, even if they may have influenced metabolite profiles. In 
addition, detailed clinical metadata was limited for some control samples, which 
restricted adjustment for potential confounding variables. The complexity of the 
studied matrices also suggests that late-eluting, hydrophobic lipids may be 
underrepresented with the current analytical methods. Furthermore, the limited 
sample size reduces generalizability, and the ML classifiers require external 
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validation and calibration across clinically relevant subgroups, including different 
LB manifestations, other tick-borne diseases, and infectious conditions. 

Future work should therefore prioritize larger and more diverse patient cohorts, 
together with matched pairwise serum–CSF sampling, to strengthen both biological 
interpretation and clinical relevance. Targeted validation of key biomarkers using 
PRM or multiple reaction monitoring, together with quantitative UHPLC–MS/MS 
based on authentic reference standards and MS/MS acquired at multiple collision 
energies, would improve confidence in metabolite identification. Broader lipidomic 
coverage may require optimization of post-extraction reconstitution conditions, 
since reconstitution in an aqueous IS solution may have limited the detection of more 
hydrophobic lipid species. Furthermore, improved annotation of unknown MFs 
through molecular networking, ion mobility MS, and artificial intelligence-assisted 
approaches could help clarify serum- and CSF-associated MFs during both active 
disease and recovery. Overall, the methods presented in this dissertation should 
currently be regarded as promising translational approaches rather than immediately 
deployable routine diagnostic tests. If the identified biomarkers and classification 
strategies can be validated, standardized, and shown to provide clinical and 
economic benefit, they may in the future become useful complementary tools in 
specialized clinical laboratories and contribute to less invasive and more efficient 
diagnostic pathways. 
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4 Conclusions 

This dissertation presents a preliminary investigation of prominent MF panels and 
associated metabolic alterations, together with ML classifiers for identifying acute 
LNB, based on integrating untargeted UHPLC–MS/MS metabolomic analysis of 
clinically relevant serum and CSF samples. Article I was primarily methodological, 
establishing the untargeted UHPLC–MS/MS workflow and analytical foundation for 
LNB metabolomics of serum samples. Article II applied supervised ML to the serum 
metabolomic dataset generated in Article I. Article III extended the serum 
metabolomics workflow to LNB CSF samples. 
 A central strength of this study was the paired sample research design in which 
the samples were obtained from the same individuals at different time points. In the 
serum analyses, pretreatment LNB samples were paired with samples collected 12 
months after treatment (Articles I and II). For CSF analyses, pretreatment LNB 
samples were paired with a subset of samples collected three weeks after treatment 
initiation (Article III). Most CSF samples originated from the same LNB patients in 
the serum cohort. The LNB cohorts were compared against matched non-LNB 
controls in both serum and CSF, and against other laboratory confirmed CNS 
infections in CSF, allowing the investigation of disease-specific and general 
infection biomarkers.  

The findings of Article III revealed metabolic signatures characterized by 
tryptophan-kynurenine pathway activity, alterations in lipid-signaling, and markers 
of mitochondrial energy stress (e.g., acetylcarnitine). Several MFs in CSF samples 
were associated with CXCL13 concentration, supporting a possible link to 
neuroinflammatory processes. Acetylcarnitine also displayed sample matrix-specific 
behavior: levels were highest in acute pretreatment LNB CSF samples and declined 
after treatment, and were also elevated in other CNS infections. In contrast, serum 
acetylcarnitine increased in the post-treatment state, indicating distinct 
compartment-specific metabolic responses during the resolution of inflammation. 

The supervised serum ML model classifiers in Article II performed well above 
chance across all comparisons, accompanied by strong AUC/ROC performance. 
These findings indicate that treatment induces a detectable metabolic shift and that 
treated LNB retains a distinct serum signature compared with non-LNB individuals. 
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Although such persistent separations may potentially be useful for recognizing prior 
episodes of disseminated LB or active disease in diagnostically uncertain cases, they 
should be interpreted cautiously. Notably, overlapping discriminatory features 
across classifiers suggest an infection-linked signal rather than a purely treatment-
driven classification. 

In clinical practice, a rapid UHPLC–MS/MS-based metabolomic approach, 
complemented by supervised ML, may serve as a practical complementary tool to 
traditional diagnostics. The paired within-patient design demonstrated that 
longitudinal MF alterations were detectable in each patient and consistently observed 
across the cohort, suggesting potential to support diagnostic and treatment decisions 
when interpreted alongside routine laboratory results and clinical data. 
 In conclusion, this preliminary UHPLC–MS/MS-based metabolomic study 
outlines a coherent metabolic framework for both serum and CSF matrices. As a 
complementary approach to clinical evaluation, targeted feature panels derived from 
the presented results can support both diagnostics and treatment monitoring. With 
larger and more diverse cohorts, targeted validation of potential biomarkers, 
expanded MF coverage, improved identification of currently unknown metabolites, 
and medication-aware analytics, integrated metabolomics workflows have the 
potential to strengthen clinical decision-making and improve the assessment of 
nervous system involvement in LB. 
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