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Abstract 

 

 

Development and application of omics data analysis tools to examine molecular 
associations linking complex exposures to cardiovascular disease  

YINGXIAO YAN 

Department of Life Sciences 
Chalmers University of Technology, Gothenburg, Sweden 2025 

 
ABSTRACT  

Preventing cardiovascular disease (CVD) requires better understanding of underlying metabolic 
perturbations to identify targets for intervention. Most studies have investigated exposures 
separately, and tools to analyze health effects of multiple exposures jointly are largely lacking. 
The work in this thesis aims to develop tools for complex omics analysis and apply them to 
population-based cohorts to investigate omics patterns linking combined exposures including 
diet, persistent organic pollutants (POPs), and gut microbiota to CVD risk.  

This thesis includes development of two tools presented as R packages that make advanced 
omics data analysis accessible to a broader research community: 1) MUVR2 provides supervised 
machine learning with nested cross-validation to mitigate overfitting and false discovery 
combined with variable selection in high-dimensional data. MUVR2 includes elastic net which 
allows covariate adjustment thus enhancing epidemiological modeling. 2) TriplotGUI is a user-
friendly tool integrating omics data reduction with meet-in-the-middle and mediation analyses to 
explore exposure-omics-outcome associations through intuitive visualizations.  

Using earlier versions of these tools on the Swedish Mammography Cohort revealed two distinct 
omics sub-patterns linking POPs to CVD. The first involved perturbed lipid metabolism and 
inflammatory pathways associated with higher levels of organochlorine compounds, lower levels 
of per- and polyfluoroalkyl substance and higher myocardial infarction (MI) risk. The second 
involved carnitines and possible mitochondrial dysfunction and associated with OCs and stroke. 

MUVR2 and TriplotGUI were applied to discover and replicate metabolites associated with diet, 
POPs, gut microbiota, and CVD incidence using four Nordic cohorts. Notable findings supporting 
metabolites mediating exposure-outcome associations included: An association between nuts 
and dried fruit and reduced MI risk, possibly mediated by pipecolate. Moreover, associations 
between fish intake and reduced MI risk, possibly mediated by phosphatidyl-ethanolamine(P-
16:0/22:6) and an unknown metabolite. Importantly, only few exposure-metabolite-outcome 
associations were reproduced across cohorts, stressing the importance of replication for 
generalizable conclusions. 

This thesis contributes advanced, accessible methods for linking environmental exposures to 
health outcomes through omics-based mediators, with MUVR2 and TriplotGUI improving the 
identification and interpretation of molecular signatures. Application of these tools to CVD 
enabled characterization of molecular signatures linking diet to health and underscored the 
necessity of rigorous external validation to minimize spurious associations. 

Key words: omics, diet, gut microbiota, persistent organic pollutants, cardiovascular disease, 
machine learning, molecular epidemiology, meet-in-the-middle analysis, mediation analysis, 
cross-cohort design 
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1. Introduction 
Non-communicable diseases (NCDs), including cardiovascular disease, cancer, chronic 
respiratory disease and diabetes, are the leading causes of death worldwide1. NCDs are a key 
focus of the United Nations’ Sustainable Development Goal 3.41,  which aims to reduce by one-
third premature mortality from NCDs through prevention and treatment and promote mental 
health and well-being. Among NCDs, cardiovascular disease (CVD), including conditions such as 
myocardial infarction and stroke, accounts for a major proportion of NCD deaths and the number 
of CVD deaths has increased in most countries, straining healthcare systems and economies2. 

While some factors, such as genetic disposition, age, sex, ethnicity and family history of diseases, 
are non-modifiable3,4, major modifiable behavioral risk factors include diet, physical activity, 
tobacco use and alcohol consumption5,6 . Environmental factors like air pollution have also been 
identified as contributors to CVD risk5,7. Additionally, gut microbiota is gaining increasing interest 
as a modifiable risk factor for CVD pathogenesis8. Understanding the modifiable determinants of 
CVD risk and their underlying pathophysiological mechanisms is crucial for effective prevention 
strategies9,10.  

Numerous studies have investigated individual risk factors for CVDs and their mechanisms11. 
However, several CVD risk factors, including diet12, persistent organic pollutants (POPs)7,13, and 
microbiota8, are highly complex and consist of a high number of variables. Additionally, these risk 
factors may interact with each other, adding further complexity: For example, POPs may 
accumulate through food intake and alter the metabolic activity of gut microbiota. There is a 
notable scarcity of research systematically investigating the combined effect of multiple joint 
exposures on CVD risks. Moreover, causal mechanisms linking combined exposures to CVD 
outcomes remain largely unexplored since methodology for evaluating the effect of multiple 
exposures on metabolic perturbations is lacking. 

Omics technologies have emerged as powerful tools for capturing the cumulative effect of 
environmental and endogenous factors over time14,15. These technologies have enabled 
molecular epidemiology to mechanistically link exposures to outcomes via molecular data that 
can potentially act as mediators or effect modifiers16,17. By identifying biological features, such as 
metabolites, proteins, and genes, that are associated with both exposures and outcomes, omics 
approaches can help elucidate underlying mechanisms related to CVD risk. Approaches like 
meet-in-the-middle analysis 18,19 or mediation analysis 6,20, addressed later in the thesis, are 
advantageous for this purpose. 

Applying omics technologies, previous studies have investigated molecular associations of diet, 
POPs and microbiota, separately, with CVD13,21–23. However, a more comprehensive approach is 
needed to holistically understand how multiple exposures interact to influence CVD risks via 
molecular mediators. Moreover, robust methodologies for identifying such molecular mediators 
are lacking. In addition, studies on exposure-CVD association via omics have relied on data from 
single cohorts24 and only few have provided replication21,22, which has likely inflated false 
discovery and reported cohort-specific associations that are difficult to generalize. 

Omics data often contain a large number of features that may reflect either biologically relevant 
information or “noise”25 irrelevant to the research question of interest (e.g., not associated with 
exposure or outcome). Selecting informative features of interest, using univariate modelling or 
machine learning approaches26, may benefit downstream data analysis. However, machine 
learning algorithms are prone to overfitting27 and typically lack the possibility to adjust for 
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covariates28. Thus, methods without overfitting, that are capable of both unbiased variable 
selection and covariate adjustment are needed. Nevertheless, even after selecting relevant 
molecular features, challenges remain in interpreting the complex interactions between multiple 
exposures, omics variables and outcomes. Holistic approaches that capture these relationships 
while enhancing interpretability are critical for advancing our understanding of exposure-omics-
outcome associations.  

In summary, novel tools for omics feature selection and approaches to enhance interpretability 
for exposure-omics-outcome associations are highly warranted. While studies have explored 
mechanisms linking complex exposures (e.g., diet, pollutants, gut microbiota) to CVD via 
omics13,21–23, the field lacks advanced, yet accessible methodologies for identifying 
mechanistically relevant omics features. Moreover, a holistic understanding of the combined 
effect of multiple complex exposures on CVD risk remains elusive.  Additionally, the validation of 
findings has not been consistently prioritized across studies. Therefore, comprehensive 
investigations that simultaneously examine multiple exposures, employ rigorous feature 
selection methodologies and emphasize result validation are highly desired. 

This thesis addresses these critical gaps in molecular epidemiology and omics research by 
developing novel tools for variable selection and interpretable visualization and applying these 
tools to investigate the molecular associations between diet, POPs, and gut microbiota and CVD. 
The research consists of four studies, progressing from methodological development to practical 
application across multiple cohorts, enabling more robust, generalizable insights into the 
metabolic perturbations underlying CVD risk. 
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2. Objectives 
The overall aim of the thesis was to develop tools for omics data analysis and to apply these tools 
to investigate molecular associations linking combined environmental exposures (diet, 
persistent organic pollutants, microbiota) to cardiovascular outcomes (myocardial infarction and 
stroke) across four population-based cohorts (SIMPLER-Uppsala Clinical (SIMP-UC); SIMPLER-
Västerås Clinical (SIMP-VC); the BioDiVa subcohort of the Västerbotten Intervention Programme 
(VIP) and the MAX subcohort of the Diet, Cancer and Health-Next Generations (DCH-NG) cohort). 

The thesis consists of four papers that follow a progression from methodological development 
(Papers I and II) to cross-cohort applications (Papers III and IV). The methodological 
development aims to enhance the analytical and interpretative capacity for research involving 
omics and molecular epidemiology by establishing analytical frameworks for identifying 
molecular associations linking complex exposures to outcomes. The cohort applications aim to 
unravel such molecular links between combined environmental exposures (diet, persistent 
organic pollutants, microbiota) and cardiovascular disease. 

The work in the thesis follows these the following objectives coinciding with specific papers:  

1) To develop an enhanced predictive multivariate modeling algorithm (MUVR2) that can 
associate molecular omics data to exposures or outcomes using machine learning, and 
also perform variable selection without introducing bias, enable covariate adjustment, 
and systematically assess prediction performance and overfitting (Paper I).  

2) To create a molecular epidemiology toolbox (TriplotGUI) that integrates and visualizes 
relationships between exposures, omics features, and outcomes for enhanced 
interpretation, based on omics data reduction, meet-in-the-middle analysis and 
mediation analysis (Paper II). 

3) To identify genetic, proteomic, and metabolic biomarkers linking persistent organic 
pollutants and cardiovascular disease in the SIMP-UC cohort and to explore underlying 
mechanisms using meet-in-the-middle analysis (Paper III). 

4) To identify metabolites linking diet, persistent organic pollutants, and gut microbiota to 
cardiovascular disease using all four cohorts in a cross-cohort discovery and replication 
design, and to explore underlying mechanisms through meet-in-the-middle and 
mediation analyses (Paper IV). 
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3. Background 
This chapter provides essential background for understanding the research presented in this 
thesis. It begins with an overview of cardiovascular disease and key complex exposures – 
persistent organic pollutants, diet and gut microbiota – followed by an introduction of omics 
technologies and their applications in investigating exposure-CVD associations. These topics lay 
the groundwork for the analyses described in Papers III and IV. The chapter then introduces the 
main analytical methods and frameworks, including unsupervised and supervised machine 
learning, meet-in-the-middle and mediation analyses, which underpin the methodological 
developments described in Papers I and II.  

3.1 Cardiovascular disease  
Cardiovascular disease (CVD) refers to a group of disorders of the heart and blood vessels5, such 
as coronary artery disease, peripheral arterial disease and cerebrovascular diseases. CVDs are 
the leading cause of death globally and are a major contributor to reduced quality of life29. 
Ischemic heart diseases, such as myocardial infarction (MI) and cerebrovascular diseases, such 
as stroke, account for the majority of CVD mortality30 and are associated with high rates of 
recurrent cardiovascular events31.  

Myocardial infarction, colloquially known as heart attack, occurs when blood flow to the heart is 
severely restricted or blocked, causing oxygen deprivation and subsequent cardiac tissue 
death5,32,33. Most cases of MI result from atherosclerotic plaque rupture, leading to thrombosis34. 
Symptoms of MI include chest pain, shortness of breath, sweating, nausea and vomiting35. Stroke 
can be ischemic, caused by a blockage in a blood vessel supplying the brain, typically due to a 
blood clot, or hemorrhagic, caused by bleeding into or around the brain, usually from a ruptured 
blood vessel36,37. Both types may lead to lasting brain damage and long-term disability38. Ischemic 
stroke accounts for about 80% of strokes and can be caused by thrombosis, embolism or 
stenosis39. Symptoms of stroke include sudden numbness in the face or limbs on one side of the 
body, difficulty in speaking, visual disturbance, loss of coordination and severe headache40. 

CVD risk is shaped by a combination of non-modifiable factors, including genetics, age, sex and 
ethnicity3,4, as well as a broad range of modifiable risk factors, such as diet, physical activity, 
tobacco use and alcohol consumption6,41,42. Socioeconomic and psychosocial factors like lower 
education and symptoms of depression may also increase CVD risks43. Environmental toxicants, 
such as those originating from air pollution, have also been recognized as contributors to CVD 
risk44. Furthermore, recent research highlights gut microbiota as a modifiable risk factor for CVD 
pathogenesis8. These risk factors interact with each other and may influence CVD through various 
metabolic processes, including dysregulated lipid metabolism, mitochondrial dysfunction, 
inflammation, and oxidative stress45–47.  

Non-pharmacological prevention interventions for CVD have focused on lifestyle changes such 
as adopting a healthy diet, increasing physical activity levels, ceasing smoking and reducing 
alcohol consumption48–50. It is estimated that over 70% of CVD may be preventable through 
addressing modifiable risk factors51. Both single- and multifactorial lifestyle interventions have 
demonstrated effectiveness in reducing CVD mortality and morbidity48. Multifactorial 
interventions have shown benefits in lowering intermediate risk factors, such as blood pressure, 
total cholesterol, BMI and waist circumference48,52. While multifactorial interventions may show 
effectiveness, how different risk factors in combination influence CVD risk remains 
underexplored. The Framingham risk score53 was developed to predict individual risk by 



 

6 
 

considering multiple factors. However, there is a gap in understanding the mechanistic links 
between complex risk factors in combination and CVD outcomes. 

3.2 Exposome and cardiovascular disease 
Observational epidemiological research has transitioned from studying associations between 
single exposures and outcomes to exposure-wide and outcome-wide studies54,55. This shift aligns 
with the exposome framework, first proposed by Wild in 200556. The exposome concept 
represents the totality of environmental exposures from conception onwards, complementing 
the genome in understanding disease etiology. Investigating the simultaneous effects of 
exposures on CVD risks may provide a more holistic understanding of the complex underlying 
mechanisms. 

Within the exposome, diet12, POPs7,13, and gut microbiota8 represent critical exposures that 
influence CVD risk. These exposures are composed of hundreds to thousands of variables, 
reflecting the multifaceted nature of dietary components (food items, nutrients, dietary patterns), 
the diverse chemical variability of POPs and the vast taxonomic and functional diversity of the 
microbiome. These exposures accumulate over the life course and interact, further contributing 
to complexity57–60. While studying each domain separately has yielded valuable insights, the 
combined effects and interactions among these exposures can likely better represent real-world 
exposure scenarios and their impact on cardiovascular health. However, despite their 
importance, studies investigating multiple simultaneous exposures remain scarce, and robust 
methodology to evaluate the exposome in relation to CVD risk is lacking, particularly regarding 
approaches addressing high dimensionality, temporal variations, and complex correlation 
structures among exposures. 

3.2.1 Persistent organic pollutants  
Persistent organic pollutants (POPS) are resistant to environmental degradation and are 
extremely widespread, imposing a long-lasting impact on human health61–64. POPs include 
several large groups of organic compounds, for instance, organochlorine compounds (OCs), 
such as pesticides (e.g., dichlorodiphenyltrichloroethane, p,p’-DDT), hexachlorobenzene (HCB), 
dioxins, and polychlorinated biphenyls (PCBs), as well as per- and poly-fluoroalkyl substances 
(PFAS)61,65,66. This thesis focuses on OCs and PFAS due to their environmental prevalence, 
established health impacts and data availability while excluding other classes like 
polybrominated diphenyl ethers (PBDEs) and polycyclic aromatic hydrocarbons (PAHs). 

Organochlorine compounds  

Organochlorine compounds are hydrocarbons with one or more chlorine atoms in their 
structure67. OCs encompass a large group of chemicals, such as dichlorodiphenyltrichloro-
ethane (DDT), chlordane, lindane, endosulfan, and dieldrin68. Several OCs were produced as 
pesticides to increase crop yields and they gained popularity, particularly in the mid-20th 
century69. 

OCs are characterized by their high lipophilicity and environmental persistence 70, being resistant 
to microbial and chemical degradation68. They commonly enter the environment through 
industrial discharge, pesticide use, and urban waste, especially from chlorination and 
combustion processes71. Despite restrictions on OC pesticides in many countries since the 
1970s, they continue to be detected in living organisms and remain a subject of environmental 
concern72. Their environmental effect on human health has been associated with food chain 
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accumulation71. Insects, amphibians and some reptiles that are carriers of OCs through water 
are prey for organisms including birds and mammals 71. Ultimately, humans absorb OCs through 
fat-rich animal products such as meat and milk, where OCs are accumulated due to their 
lipophilicity 68,70. OCs act as neuroendocrine-disrupting chemicals that stimulate the central 
nervous system, causing symptoms such as convulsions, tremors, nausea, and mental 
confusion at higher doses68–70. Additionally, OCs have been linked to reproductive suppression, 
immune dysfunction, dysregulated lipid biosynthesis and cancer69,70. Epidemiological studies 
have associated OCs with cardiometabolic conditions such as dyslipidemia, atherosclerosis  73,74, 
hypertension 75–77, and increased cardiovascular disease (CVD) risks 78–80.  

Mechanistically, OCs may contribute to CVD through multiple pathways. Cell line studies report 
that OCs may disrupt endocrine function and act as activators for the aryl hydrocarbon receptor 
pathway, leading to oxidative stress81, altered lipid metabolism and inflammation82,83. Additionally, 
animal studies using zebrafish models have reported that OCs impair glucose metabolism and 
mitochondrial function84,85. An observational study in humans has linked lipid-adjusted p,p′-DDT 
and HCB levels with up-regulated fatty acids, glycerophospholipids, monoglycerides and 
sphingolipids85, which may in turn disturb global lipid metabolism by making available more 
reactants necessary for lipid biosynthesis and thus propagating an elevation of blood lipids 86. 
However, exact mechanisms relating OCs to CVD risk remain unclear and a deeper 
understanding is crucial for establishing causality. 

Per- and poly-fluoroalkyl substances  

PFAS are defined by the Organization for Economic Co-operation and Development (OECD) as 
fluorinated substances containing at least one fully fluorinated methyl (-CF3) or methylene (-CF2) 
carbon atom, excluding those with hydrogen, chlorine, bromine, or iodine attached to these 
moieties87. PFAS have been produced and used in a broad range of consumer products and 
industry applications since the 1940s88. Currently, 4,730 PFAS compounds have been identified 
on the OECD focus list 201889. The Toxic Substances Control Act (TSCA) 2021 definition from the 
U.S. Environmental Protection Agency (EPA) resulted in 6,648 PFAS chemicals90. 

Due to their high persistence and widespread use, PFAS are found ubiquitously in the 
environment, animals and humans91,92. PFAS from production waste streams travel through air or 
water into the ground or drinking water and then accumulate in fish, aquatic animals and 
humans61. PFAS are absorbed in the gastrointestinal tract but are not metabolized. Instead, they 
accumulate in organs such as the liver 93. Adverse health effects associated with PFAS exposure 
include elevated total cholesterol and low-density lipoprotein cholesterol (LDL-C) level and 
dyslipidemia; reduced antibody production following vaccination in children; liver toxicity; fetal 
growth restriction and kidney and testicular cancer61,94,95. 

Evidence suggests that PFAS exposure is linked to increased CVD risk 96–98 due to its association 
with elevated blood lipid levels 99,100. Human and rodent studies suggest that PFAS exposure may 
disrupt lipid metabolism and liver functions101: Nuclear receptors (NRs) are receivers for 
intracellular signals, hormones or dietary lipids, regulating lipid metabolism102. Given that PFAS’s 
chemical structure resembles fatty acids, they may bind to the NRs for fatty acids and induce 
metabolic changes103–105. For example, PFAS may suppress hepatocyte nuclear factor 4α (HNF4α) 
expression, which reduces cholesterol 7α-hydroxylase (CYP7A1) expression and cholesterol’s 
conversion to bile, increasing cholesterol level104. Additionally, PFAS exposure has been shown 
to induce oxidative stress and mitochondrial dysfunction in vitro and in vivo 106. 
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Contrarily, some studies have shown null or inverse associations between PFAS exposure and 
CVD107–109. Particularly, an inverse association between PFAS and myocardial infarction was 
reported in observational studies13,110. The possible mechanisms here can also be related to NRs.  
Rodent models showed that PFAS may activate peroxisome proliferator-activator receptor α 
(PPARα), which leads to increased lipoprotein lipase (LPL) expression and corresponding 
triglyceride clearance, decreasing triglyceride level104,111. Moreover, animal evidence suggests 
that PFAS may exert antioxidant and anti-inflammatory effects via activation of PPARα112 or 
upregulation of phosphatidylcholine synthesis101. These findings highlight the need for stringent 
studies to further investigate the association between PFAS exposure and CVD risk while 
elucidating underlying mechanisms. 

OC and PFAS concentrations are typically measured from human biological matrices, such as 
blood serum or plasma and adipose tissue113,114. Blood samples are usually collected after 
overnight fasting and are centrifuged for separation before storage113,114. The analysis of OCs and 
PFAS can be conducted using gas/liquid chromatography-mass spectrometry (GC/LC-MS). In 
this thesis, OC and PFAS concentrations were measured using plasma samples collected after 
overnight fasting and analyzed by GC-MS 113,114. 

3.2.2 Diet  
Dietary composition plays a critical role in modulating CVD risk115,116. Extensive research has 
elucidated cardioprotective or detrimental effects of specific foods, nutrients, and dietary 
patterns117. This section covers several dietary components that are relevant to the results of the 
cohort applications presented in this thesis. 

Individual food items 

Higher intake of fruits and vegetables has consistently been associated with reduced CVD 
incidence118, in part attributed to their content of dietary fiber, vitamins, alpha-linolenic acid, and 
antioxidants119. Wholegrains are rich in fibers, vitamins and polyunsaturated fatty acids120  and 
are associated with decreased risk of CVD118. In addition, nuts and seeds are rich in unsaturated 
fatty acids and bioactive compounds such as vitamin E. Frequent consumption of nuts and seeds 
is associated with a lower risk of CVD 118, likely due to their cholesterol-lowering effect and the 
beneficial effect on oxidative stress, inflammation and vascular reactivity121,122. 

Fatty fish consumption has been linked to reduced CVD risk in observational studies123,124, 
primarily due to omega-3 fatty acids125  like docosahexaenoic acid (DHA) and eicosapentaenoic 
acid (EPA)126. These fatty acids have shown lipid-lowering effects by reducing triglyceride (TG) and 
non-high-density lipoprotein cholesterol (non-HDL-C)126 and can reduce platelet activation and 
aggregation as well as regulate blood pressure and heart rate126. Conversely, excessive alcohol 
intake adversely affects cardiovascular health through a combination of hypertension, oxidative 
stress, inflammation, endothelial dysfunction and structural damage to the heart  127. 

Nutrients 

Among nutrients, dietary fat including trans-fatty acids, and saturated, monosaturated or 
polyunsaturated fatty acids, can influence CVD risk128. Studies have shown that trans fatty acids 
are consistently associated with increased risk of CVD129 and the replacement of saturated fatty 
acid with mono- or polyunsaturated fatty acids is associated with reduced CVD risk128. The type 
of carbohydrates consumed also matters for cardiovascular health. Diets high in refined 
carbohydrates and sugars exacerbate CVD risk, while fiber-rich foods are protective130. Plant-
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based proteins have shown benefits compared to animal proteins for CVD risk reduction130. 
Vitamins (e.g., C and E) may play crucial roles in cardiovascular health by mitigating oxidative 
stress and managing blood pressure and inflammation130.  

Dietary patterns 

Investigating food items and nutrients in relation to CVD risk has provided insights into our food 
choices. However, food items or nutrients are not consumed in isolation and their consumption 
may interact or be intercorrelated with each other. Dietary patterns may be more representative 
of the eating habits of free-living individuals. A broad range of indices representing dietary 
patterns have been developed131. Several of these indices representing healthy diets, such as the 
Healthy Nordic Diet, Mediterranean Diet and Dietary Approaches to Stop Hypertension (DASH), 
have been investigated in relation to diet-related diseases and have been reported to reduce e.g., 
CVD risk132–134. 

Diet is most often assessed by self-reported methods, such as diet history, food frequency 
questionnaire (FFQ) and 24-hour dietary recall (24-HDR)135. In this thesis, the FFQ method was 
used to assess dietary intake. These methods have inherent limitations including recall bias, 
social desirability bias, and challenges in portion size estimation136. 

3.2.3 Gut microbiota 
The gut microbiota refers to the diverse community of microorganisms residing in the 
gastrointestinal tract, including bacteria, viruses, fungi and archaea, with bacteria being the most 
abundant137–139. These microorganisms perform essential physiological functions, including 
fermenting indigestible carbohydrates and dietary fibers140,141; synthesizing vitamins and 
hormones142,143; regulating immune homeostasis144, maintaining gut barrier integrity140; 
metabolizing drugs and xenobiotics140 and preventing the overgrowth of pathogens140.  

The gut microbiota has emerged as a significant factor influencing CVD risk through multiple 
interrelated mechanisms145. Dysbiosis, i.e., an imbalance in microbial communities, induces 
loss of diversity146 and has been reported as a CVD-predisposing condition and associated with 
several CVD risk factors, including atherosclerosis, hypertension and heart failure8. Furthermore, 
accumulating evidence has suggested that microbial metabolites have been mechanistically 
linked to CVD pathogenesis8,147. For example, elevated trimethylamine N-oxide (TMAO) has been 
associated with an increased risk of adverse cardiovascular events148–150, while short-chain fatty 
acids (SCFAs) derived from fiber fermentation have shown protective effects against 
hypertension and inflammation148,150,151.  

After the collection of fecal samples, gut microbiota composition is typically analyzed by either 
of two DNA-based approaches: 16S ribosomal ribonucleic acid (rRNA) gene sequencing or 
whole-genome shotgun sequencing: The 16S rDNA is a bacterial-specific genetic marker 
encoding the small subunit of the ribosome, containing 9 hypervariable regions V1–V9 unique to 
microbial groups, flanked by conserved sequences shared across species152. These variable 
regions enable taxonomic classification by comparing the obtained DNA sequences to reference 
databases, with sequencing workflows often grouping sequences into operational taxonomic 
units (OTUs) or amplicon sequence variants (ASVs) based on similarity thresholds.  

Shotgun metagenomics instead sequences the entire genomic content of a specific 
environment153,154, enabling high-resolution taxonomic profiling down to species and strain level 
and can provide insights into the functional potential of the microbiome, such as metabolic 
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pathways 153,154. Although shotgun metagenomics sequencing has gained popularity in the last 
years153,154, the 16S approach remains widely adopted for large-scale epidemiological studies 
due to its cost-effectiveness and simpler bioinformatics requirements. However, 16S rRNA 
sequencing provides limited resolution compared to shotgun metagenomics, particularly for 
species-level identification, and short-read assays cannot assess functional potential, as they 
only target specific regions of the 16S rRNA gene rather than the entire genomic content155. 

In this thesis, both shotgun metagenomics and 16S rRNA methods were employed to 
characterize microbiota composition across study cohorts, with the 16S method targeting the V3 
and V4 regions with taxonomic resolution at genus level. 

3.2.4 Interaction between exposures 
The interplay between diet, persistent organic pollutants (POPs), and gut microbiota represents 
a critical nexus in understanding how combined exposures influence cardiovascular health. 

Diet exerts profound effects on gut microbiota composition57, as evidenced by enterotype 
classifications, where distinct microbial community clusters have been linked to specific dietary 
habits156. These enterotypes are frequently reported as driven either by Bacteroides, Prevotella 
and Ruminococcus/Ruminococcaceae 156. The Bacteroides enterotype has been associated with 
animal protein, certain amino acids and saturated fats157,158, while the Prevotella enterotype has 
been associated with carbohydrate-enriched diets and higher intake of fruits and eggs159. The 
Ruminococcus/Ruminococcaceae enterotype has been characterized by higher intake of 
vegetables, seaweed, nuts and seeds as well as dietary fibers159. 

A major exposure pathway for POP exposures occurs through diet due to the accumulation in 
food, especially in the general population that is not occupationally exposed to POPs160. 
Numerous studies have monitored the presence of OCs and PFAS in many different foods, 
including fish, dairy products, meat, fruits and vegetables160–168. For OCs, associations between 
fatty fish consumption and PCBs and HCB appear to be the most consistent, followed by dairy 
products and PCBs160,166,167,169. For PFAS, fish and other seafood have been reported as major 
sources of exposure from diet 162. Food packaging materials may also contain PFAS as well as the 
drinking water in certain areas, contributing to PFAS exposure from food and water intake 162. In 
addition, although fish consumption provides cardioprotective omega-3 fatty acids, it is also a 
major source of OC and PFAS contamination and overall effects on cardiovascular health risk 
may be uncertain170. 

Exposure to POPs, which occurs primarily through diet, has also been shown to alter the 
composition and metabolic activity of gut microbiota161,171,172. For example, exposure to the OC 
2,3,7,8-tetrachlorodibenzofuran (TCDF) was shown to induce shifts in the ratio of Firmicutes to 
Bacteroidetes and inhibit nuclear receptor signaling in mice, triggering inflammation and host 
metabolic disorders161. PFAS exposure may alter gut microbiome composition at different 
taxonomic levels, including Turicibacter, Allobaculum, Bacteroides acidifaciens, and 
Dehalobacteriaceae, associating with perturbations of host glucose and lipid metabolism171,172. 

The interplay between exposures to human health is intricate, where diet contributes to POP 
exposure and influences gut microbiota compositions. Concurrently, POPs can alter microbiota 
compositions, in turn potentially affecting the impact of diet on health. Additionally, other risk 
factors, such as lifestyle factors (e.g., physical activity, smoking) and geographic disparities in 
food contamination levels may strengthen or counteract these interactions, introducing further 
variability in cardiovascular outcomes (Figure 1). Consequently, addressing cardiovascular risk 
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often requires simultaneous consideration of these interconnected exposures to better 
understand their combined effects on health outcomes.  

 
Figure 1. Conceptual framework illustrating directional interactions between diet, persistent 
organic pollutants, and gut microbiota. Other risk factors may strengthen or counteract these 
interactions, introducing further variability in cardiovascular outcomes. Figure created with 
BioRender icons in PowerPoint. Yan, Y. (2025) 

3.3 Omics 
Further improving inference with respect to causality in exposure-outcome relationships requires 
elucidating molecular associations connecting environmental factors to health effects. The rapid 
development of omics technologies has enabled systematic investigation of mechanisms by 
identifying molecular markers associated with both exposures and outcomes16,173.  

The omics approaches provide insights into biological systems at different molecular levels, 
including genomics, transcriptomics, proteomics and metabolomics174,175. Living systems are 
intricately organized across these molecular layers, each governed by distinct molecular 
components that work together to maintain health and respond to environmental challenges176. 
At the foundation are the genes, DNA segments that contain instructions for building and 
regulating all cellular processes177. The complete set of genes in an organism is called genome, 
and the study of genomes and their functional roles is known as genomics178,179. This field can 
examine genetic variations and their influence on susceptibility to environmental exposures and 
disease outcomes.  

Genes exert their effects through transcription into RNA178,179, with transcriptomics being the 
large-scale study of RNA molecules, providing insights into which genes are active under specific 
conditions and how gene expression changes in response to stimuli or during disease 
progression180.  

At the following level, proteins are synthesized according to the instructions carried by mRNA181. 
Proteins function as enzymes, structural components and signaling molecules driving 
mechanistic responses to exposures181. Proteomics investigates the structure, function, and 
interactions of proteins, shedding light on how they carry out cellular functions and how their 
dysregulation can lead to disease182.  
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Finally, metabolites are commonly defined as small molecules (<1500Da) involved in 
metabolism and present in biological samples such as cells, biofluids, tissues or organisms15,183. 
Metabolomics aims to measure either the entire metabolome or specific portions of it221,222, 
providing a real-time snapshot of physiological and metabolic states and reflecting biochemical 
activity 184,185.  Metabolomics is crucial for understanding how genetic and environmental factors 
influence metabolism, and for identifying biomarkers of disease or responses to interventions 
such as diet or drug treatment186,187. 

Together, these omics layers reflect the central dogma of molecular biology: Genetic variations 
influence transcriptional activity, which translates into protein expression and function, 
ultimately shaping metabolic regulations. Environmental exposures (e.g., diet, pollutants, 
lifestyle, stress) modulate molecular processes across the omics layers, altering gene 
expression, transcription, translation and metabolism (Figure 2) 

 
Figure 2. Omics studies include genomics, transcriptomics, proteomics and metabolomics. 
Their corresponding study targets are the genome, transcriptome, proteome and metabolome, 
which respectively focus on genes, RNA, proteins and metabolites as study units. Genetic 
variations influence transcriptional activity, which translates into protein expression and function, 
ultimately shaping metabolic regulations. Environmental exposures (e.g., diet, pollutants, 
education, medication, smoking, sleep, green space exposure, physical activities, stress, gut 
microbiota) influence molecular processes across all omics layers. Figure created with 
BioRender icons in PowerPoint. Yan, Y. (2025) 

3.3.1 Metabolomics 
Metabolites are the intermediate and end products derived from the gene cascade interacting 
with the cumulative effect of life-course exposures (e.g., diet, POPs, gut microbiota)183,188–193, 
providing a functional readout of both endogenous metabolic processes and exogenous 
influences 178,179. Therefore, the metabolite composition provides the closest representation of 
molecular phenotypes in health and disease15,193. Metabolite profiling, the systematic 
identification and quantification of metabolites, provides a “snapshot” of the human 
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metabolome and is frequently used to gain mechanistic insights into the effects of exposures 
such as dietary intake or medication use, or pathways involved in health and disease 
trajectories194–197 

Measurement 

Metabolomics can be categorized into targeted and untargeted approaches197. In targeted 
metabolomics, a known subset of metabolites is quantitated or semi-quantitated, where the 
metabolite coverage (or assay) is typically based on predetermined research questions or 
hypotheses or, alternatively, based on method availability185. Untargeted metabolomics instead 
aims to measure all detectable metabolites in a sample, without an a priori metabolite coverage 
based on previous knowledge or assumptions198. This approach is often used for biomarker 
discovery, identifying novel associations and mechanisms linking metabolites to exposures or 
health outcomes199. This lack of pre-selection of metabolite coverage makes untargeted 
approaches particularly well-suited for hypothesis-generating and data-driven research. In this 
thesis, untargeted metabolomics was used to enable comprehensive exploratory analysis of 
metabolic perturbations linking environmental exposures to cardiovascular outcomes without 
being limited by prior hypotheses about specific metabolites. 

From an analytical chemistry perspective, metabolomics analyses are typically performed using 
either nuclear magnetic resonance spectroscopy (NMR) or mass spectrometry (MS). NMR 
measures the magnetic resonances at chemical shifts200, while MS measures the mass-to-
charge (m/z) ratio of analytes, typically coupled with upstream separation techniques, such as 
liquid chromatography (LC) or gas chromatography (GC) to provide additional resolution for 
distinguishing analytes201. In LC, the technique employed to generate the data used in this thesis, 
analytes are separated by polarity using either reversed phase (RP) chromatography to investigate 
more hydrophobic analytes or hydrophilic interaction liquid chromatography (HILIC) to 
investigate less hydrophobic analytes202. 

After chromatographic separation, analytes are ionized for MS analysis, typically using 
electrospray ionization or other soft ionization techniques to minimize fragmentation. Both 
positive and negative ionization can be applied to accommodate analytes prone to specific 
charges, resulting in the measurement of m/z ratio using mass analyzers such as quadrupoles, 
orbitraps and time-of-flight203. 

The combination of chromatography and MS ionization polarity results in different analytical 
modes, where analytes are differentiated by their retention time (rt) on the column and the 
specific m/z ratios and referred to as metabolite features. In this thesis, untargeted 
metabolomics was performed using LC-MS with reversed-phase separation, both positive and 
negative ionization polarities and high-resolution m/z detection using quadrupole-time-of-flight 
mass analyzers.  

Metabolite annotation 

The identification of what compound (e.g., a metabolite or chemical or biological exposure) an 
analytical feature corresponds to, is based on matching MS fragmentation obtained from tandem 
MS (referred to as MS/MS or MS2) to reference databases. The first MS (usually a quadrupole) 
fragments the metabolite feature, while the second MS (usually a high-resolution mass analyzer, 
such as orbitrap or time-of-flight) measures the obtained fragments to generate a molecular 
fingerprint matched against available libraries (in-house or online databases). However, only a 
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limited number of metabolites are registered in these databases, constituting one of the major 
roadblocks in untargeted LCMS-based metabolomics204. 

In this thesis, feature identification follows the Schymanski scale: Level 1 corresponds to 
matching rt, m/z and MS2 data with authentic standards. Level 2 indicates matches between MS2 
data and library spectra. Level 3 provides evidence for a potential structure but lacks sufficient 
evidence for determination. Level 4 represents known molecular formulas but without structural 
information. Level 5 reports exact rt and m/z205,206. This standardized approach for annotation 
enables transparent reporting of identification confidence and facilitates meaningful 
comparisons across studies. In this thesis, mechanistic interpretations focused primarily on 
metabolite features with higher confidence levels (Levels 1–3). Features with lower confidence 
levels were treated as unannotated and were not included in mechanistic analyses. 

3.3.2 Metabolomics for investigating exposure-outcome associations 
Metabolomics has been widely utilized over the last two decades to investigate various diseases, 
including cancer207–209, diabetes210,211 and cardiovascular disease212,213. Recent studies have 
demonstrated the utility of metabolomics in identifying markers for CVD risks. Associations have 
been reported for specific metabolites, including acylcarnitines, branched-chain amino acids 
and certain lipids, such as phosphatidylcholine (PC), lysophosphatidylcholines (LPC) and 
sphingomyelins with various cardiovascular conditions 214–216.  

Metabolomics has also frequently been linked to exposures, such as diet, POPs and gut 
microbiota. Studies have identified metabolites that reflect specific food exposures183,217,218 and 
dietary patterns219–221, assisting in elucidating disease-related metabolic processes influenced by 
diet222–224. POPs have been shown to induce substantial changes in metabolites, due to their 
toxicity. For example, PFAS exposure has been shown to alter the levels of amino acids, fatty 
acids, glycerophospholipids, glycolipids, phosphosphingolipids, bile acids, ceramides, purines, 
and acyl carnitines225,226. OC exposure has been linked to increased levels of saturated fatty acids 
and decreased levels of polyunsaturated acids in the liver227,228. Microbial metabolites are 
produced or converted by microbiota and they can enter the bloodstream and impact human 
health229. Gut microbiota have been reported to explain up to 46% of the variance in individual 
plasma metabolites230. These microbial metabolites are involved in molecular signaling related 
to gut-brain communication and metabolic reactions192,231. A wide range of gut microbiota-
derived metabolites has been identified as central regulators in metabolic disorders, including 
TMAO, SCFAs, bile acids, branched-chain amino acids, tryptophan and indole derivatives231,232.  

Although numerous studies have investigated metabolites associated with single exposures or 
outcomes, few have comprehensively applied omics approaches to explore exposure-outcome 
associations13,233–236. Additionally, existing omics studies have largely investigated these 
associations in isolation, overlooking interactive effects between exposures. This thesis bridges 
this gap by holistically investigating the combined effect of complex exposures (diet, POPs, and 
gut microbiota) on cardiovascular outcomes (myocardial infarction and stroke). Moreover, the 
methodological advances described in subsequent sections of this thesis enable a more robust 
identification of metabolite features that may mechanistically link exposures to outcomes. This 
approach aligns with the "meet-in-the-middle" concept in molecular epidemiology, where 
molecular markers associated with both upstream exposures and downstream disease 
outcomes serve as evidence for potential causal pathways20.  
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3.4 Machine learning 
Omics data present unique analytical challenges due to their high dimensionality and inherent 
noise237. Machine learning (ML) has emerged as a critical tool for addressing these complexities, 
enabling data reduction, variable selection and predictive modeling 238. In the context of this 
thesis, ML approaches are essential for extracting meaningful patterns from complex exposure-
omics-outcome relationships and identifying relevant metabolic features associated with 
cardiovascular outcomes.  

ML methodologies can be broadly categorized into unsupervised, supervised and reinforcement 
ML. Unsupervised machine learning is intended for the analysis of unlabeled data to discover 
hidden patterns, which is particularly useful in exploratory omics research. Supervised ML 
methods, on the other hand, are designed to learn from labeled data with the possibility of making 
predictions on new data.  Reinforcement learning solves problems by learning new experiences 
through trial and error, but is not covered in the scope of this thesis238.  

Cross-validation techniques are commonly used to assess model performance and 
generalizability in supervised ML239. This thesis focuses primarily on supervised ML with a 
particular emphasis on the MUVR algorithm, which performs variable selection within repeated 
double cross-validation, which is a gold standard for minimizing overfitting240. 

Before applying unsupervised and supervised ML, data preprocessing steps, such as centering, 
scaling and transformation, can be important for robust and interpretable results, depending on 
the specific method used 241. Centering adjusts data by subtracting the mean of each variable, 
aligning the data distribution around zero. Scaling ensures that all variables are on comparable 
ranges, preventing variables with inherently larger values from dominating analysis242. Two 
common scaling methods are: Standardization (Z-score normalization), which transforms data 
to have a mean of 0 and a standard deviation of 1. This method preserves the shape of variables’ 
distributions and is ideal for algorithms assuming linearity and normality; Min-max normalization, 
which rescales data to a fixed range. This method is useful for algorithms sensitive to the ranges 
of variables 242. Transformations like log-transformation address skewed distributions common in 
biological data, stabilizing variance and approximating normality243. Additionally, for omics 
applications, preprocessing also includes handling missing values through removal or 
imputation, managing outliers by exclusion or winsorization, and encoding categorical 
variables244. Ultimately, the choice of preprocessing steps should be tailored to the 
characteristics of the data, the requirements of the ML methods, and the specific analytical 
goals245. 

3.4.1 Unsupervised methods 
Unsupervised ML methods identify latent patterns and hidden structures in high dimensional 
data without predefined outcomes or targets246,247. While unsupervised machine learning can 
cover a range of topics, such as clustering, association, anomaly detection and latent 
representation using autoencoders248,  among the most common techniques used in omics 
research are clustering (such as K-means clustering and hierarchical clustering) and data 
reduction (such as principal component analysis and factor analysis)246. In this thesis, two 
unsupervised data reduction methods are covered, namely principal component analysis (PCA) 
and weighted correlation network analysis (WGCNA). 
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Principal component analysis 

Principal component analysis (PCA) is a conventional technique for dimensionality reduction. It 
transforms correlated variables into uncorrelated principal components that capture the overall 
variance in the data through orthogonal linear transformations249,250. The procedure involves 
decomposing the covariance matrix to obtain eigenvectors that define new orthogonal axes 
(principal components) that approximate the overall variance using fewer variables. The first 
principal component explains the largest proportion of variance followed by successive 
orthogonal components249,250. This enables efficient data compression249,250. In the context of 
molecular biology, PCA allows for the reduction of thousands of metabolites into a small set of 
interpretable components that can be associated with exposures and outcomes.  

Weighted correlation network analysis  

Weighted correlation network analysis (WGCNA) was originally developed for identifying clusters 
of highly correlated expressed genes, hence the original name “Weighted Gene Co-Expression 
Network Analysis” 251, and is a frequently used technique for data reduction in omics. WGCNA 
quantifies not only the correlations between individual pairs of variables but also the extent to 
which these variables share the same neighbors252,253.  

WGCNA first calculates pairwise correlation coefficients between omics variables and then 
constructs a weighted network through a soft-thresholding transformation, amplifying strong 
correlations while diminishing weak ones251,252. The transformed correlations create an 
adjacency matrix that reflects the strength of connections between variables, resulting in 
clusters of related variables called modules251,252. A PCA is performed on each module with the 
first principal component of each cluster selected as representative252 (Figure 3). WGCNA poses 
advantages for omics data analysis compared to other methods, since it focuses on identifying 
co-regulated modules that may represent shared biological pathways or functional 
relationships252. In this thesis, WGCNA is implemented as an alternative data reduction approach 
in the TriplotGUI tool (Paper II) to capture biologically meaningful patterns in omics data. 
However, WGCNA is both more computationally intensive and more sensitive to parametrization 
compared to PCA252,253.  

 
Figure 3. Conceptual comparison of PCA and WGCNA approaches for dimensionality reduction 
of omics data. (a) PCA creates components that maximize the captured variance across all 
variables. (b) WGCNA identifies modules of correlated variables before applying PCAs to 
represent each module. 
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3.4.2 Supervised methods 
Supervised ML learns from existing data to forecast/classify a specific outcome of interest254. 
These methods develop mapping functions between input data (predictors; typically numerical 
data) and labeled outcomes of interest (target variables; either numerical or categorical data) and 
use the mapping functions to predict the target variables for new data255. The categorical or 
numerical nature of the target variable determines whether the supervised ML constitutes either 
classification or regression analysis256.  

In omics applications, supervised ML has been widely applied to predict disease outcomes257. 
Given the high dimensionality and noisiness of omics data, selecting relevant features can 
improve the performance of predictive models240. In addition, feature selection is often of primary 
interest when using supervised ML for biomarker discovery258. For some supervised ML methods, 
such as elastic net, feature selection is performed implicitly, while others require variable 
importance ranking to assess feature contributions, with the possibility to perform variable 
selection based on these rankings259. In this thesis, supervised ML methods were employed to 
identify metabolite features associated with exposures (diet, POPs, gut microbiota) and 
outcomes (cardiovascular disease), supporting the investigation of metabolic perturbations 
linking these exposures to health outcomes. 

For clarity and consistency in this thesis, predictor variables will be denoted as X, while target 
variables, also often referred to as labels or responses, will be denoted as Y. The term “samples” 
refers to individuals or observations in the dataset. “Training data” refers to the X and Y samples 
used to construct the model for prediction, while “testing data” refers to the X and Y samples 
used to evaluate prediction performance (i.e., whether predicted Y, often referred to as 𝒀̂ , 
corresponds to actual Y). Several other terminologies and concepts are briefly described here to 
facilitate the reading of this thesis: 

Parameters and hyperparameters: Parameters are internal variables that a model learns directly 
from the training data, which can be optimized during the training process to minimize prediction 
errors on training data, such as weights of neurons in artificial neural networks or beta 
coefficients in linear regression260. Hyperparameters, on the other hand, are variables that cannot 
be directly estimated from data training and must be manually specified or tuned260, i.e., 
optimized by minimizing prediction errors on validation data 260. Examples include the number of 
trees in the random forest and the regularization strength in the elastic net.  

Overfitting and underfitting: Overfitting is a common pitfall in machine learning, occurring when 
a model trained on the available data fails to generalize well to new testing data261. One major 
cause of overfitting is an overly complex model relative to the amount of noise in the data, which 
gives the model excessive flexibility and leads it to learning the training data too well, capturing 
noise and random fluctuations as if they were meaningful patterns262. As a result, the model 
performs better on training data than on testing data. Besides model complexity, another source 
of overfitting is data leakage, which occurs when information that should remain unavailable 
during training, such as testing data, is used to train or optimize the model. This leads to 
artificially optimistic prediction performance and poor generalization263,264. Although overfitting is 
widely recognized as a problem in supervised ML, established methods for systematically 
assessing or comparing overfitting between models are sorely lacking. Underfitting, on the 
contrary, occurs when a model is too simple to capture underlying patterns in the data262, leading 
to poor performance both on training and testing data.  
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Bias-variance trade-off: While bias in epidemiology refers to systematic error, machine learning 
employs a conceptually similar definition, i.e., errors caused by overly simplistic assumptions in 
modeling, leading to underfitting. In contrast, variance in machine learning describes errors 
resulting from a model’s sensitivity to noise in the training data, caused by overfitting265,266.  

Increasing model complexity, for example by including more complexity-increasing 
hyperparameters such as the number of layers, nodes, or polynomial degree, can reduce bias but 
typically increases variance, making the model more sensitive to fluctuations in the training data 
and less able to generalize267. Data leakage, i.e., where the same data is reused for training and 
testing, can artificially reduce bias without increasing variance, but this comes at the cost of 
misleadingly optimistic performance estimates263,264,268. Finding an optimal balance between bias 
and variance in supervised ML is critical for creating models that generalize well and make 
accurate predictions on new, unseen data.  

Cross-validation: Cross-validation (CV) techniques are widely used in supervised ML to mitigate 
inflated prediction performance caused by data leakage269. The most widely used CV techniques 
include k-fold CV and leave-one-out CV270,271. In k-fold CV, the entire dataset is divided into k 
subsets: k-1 subsets are merged and used for training, while one subset is held out and used for 
testing in each iteration (Figure 4). This ensures all samples are predicted without being used in 
training. For categorical target variables, randomization of samples into subsets is typically 
stratified to maintain consistent class proportions across training and testing datasets272. Leave-
one-out CV instead sets one sample aside as testing data while using all remaining samples for 
training during each iteration271. 

While CV reduces overfitting and can provide error estimates for predictions, it fails to fully 
address some pitfalls. For example, while hyperparameter tuning in CV may address overfitting 
from model complexity, several software packages introduce data leakage by using the same 
data for evaluation as for training 273.  

Double (or nested) cross-validation is a more advanced CV scheme, which employs two nested 
CV loops, where the outer loop splits data into calibration and testing sets for assessing model 
performance, similar to a k-fold CV, and the inner loop further divides calibration sets into training 
and validation sets for hyperparameter tuning274 (Figure 4). This structure ensures that 
hyperparameter optimization is performed independently for each outer loop fold, mitigating the 
risk of data leakage and overfitting275. However, nested CV comes at the cost of increased 
computational cost, as the number of models trained and tested grows rapidly with the number 
of folds chosen for each loop275.  

Despite these improvements, CV remains sensitive to data partitioning strategies, since the 
segmentation of samples into subsets is a stochastic process276. Repeated cross-validation 
further addresses this stochasticity by performing CV multiple times with different random splits, 
thereby reducing variance in performance estimates and providing more stable results277. This 
approach is particularly valuable for small datasets, where single segmentations may 
inadequately represent data distributions. Similarly, repeated double cross-validation (rdCV) 
extends this concept by executing multiple iterations of nested CV with randomized splits, further 
enhancing robustness239 (Figure 4). 

While rdCV effectively reduces overfitting and enhances evaluation reliability, integrating it with 
advanced functionalities like variable selection introduces methodological challenges, 
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stemming from balancing algorithmic integration, computational efficiency and bias reduction, 
which remain active frontiers in ML research240,278. 

 
Figure 4. Schematic illustration of different cross-validation strategies, including CV, double CV, 
and repeated double CV (rdCV). The rdCV approach forms the basis for the MUVR approach 
further developed in this thesis into MUVR2. CV, cross-validation. 
 

In this thesis, five supervised ML methods were investigated: partial least squares (PLS), random 
forest (RF), elastic net (EN), support vector machine (SVM) and artificial neural network (ANN). 

Partial least squares 

Partial least squares (PLS) uses a projection-to-latent space approach to model the linear 
covariance structure between two matrices (X and Y). The projection is performed to maximize 
the covariance of X and Y258,279,280. The newly constructed predictor variables in PLS are referred 
to as components or latent variables, similar to PCA. PLS discriminant analysis (PLSDA) extends 
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the PLS framework specifically for classification problems, transforming categorical Y to dummy-
coded variables281. While PLSDA is based on standard PLS regression, its objective shifts toward 
maximizing class separation rather than covariance prediction274,282. PLS and PLSDA are 
particularly useful when collinearity exists among predictor variables, but are not equally suitable 
for data with non-linear relationships or significant outliers283,284. For preprocessing, PLS is 
typically performed with standardization to ensure that all variables can contribute equally to the 
covariance maximization285. 

Variable selection in PLS and PLSDA can be performed e.g. by examining the variable importance 
in the projection score285, which quantifies each variable’s contribution to the model, with higher 
scores indicating greater importance. The number of latent variables is the sole hyperparameter 
to tune in PLS and PLSDA models286. In this thesis, PLS serves as one of the core methods in the 
MUVR2 algorithm, providing a linear approach to identify molecular features associated with 
either exposures or outcomes (Paper I). 

Random Forest 

Random Forest (RF) operates on the principles of decision tree aggregation and bootstrap 
sampling279,280. A random subset of training samples is selected with replacement 
(bootstrapping), followed by the creation of a decision tree based on this subset. At each split in 
the decision tree, a random subset of variables is used. This process generates multiple, partially 
independent decision trees. Final predictions are determined by aggregating individual tree 
predictions through majority voting for classification or averaging for regression tasks. The "out-
of-bag error" is calculated by aggregating predictions only from trees where the sample was 
excluded during bootstrapping (i.e., out-of-bag). RF does not assume Gaussian distribution of 
predictor variables and is particularly effective for handling complex non-linear relationships and 
mixed variable types287,288. For preprocessing, RF is scale-invariant but may benefit from outlier 
removal289. 

Variable selection in RF is performed using metrics such as mean decrease in impurity or mean 
decrease in accuracy, which quantify each predictor’s contribution to model performance 258,290. 
The hyperparameters to tune in RF include the number of trees, maximum depth of trees, 
minimum samples required to split a node and the number of features considered at each split. 
In this thesis, RF is implemented as an alternative core method in the MUVR2 algorithm, offering 
advantages in capturing non-linear relationships between molecular features and either 
exposures or outcomes (Paper I). 

Elastic net  

Elastic net (EN) is a regularized extension of generalized linear models (GLMs) that combines L1 
(lasso) and L2 (ridge) penalties to address limitations of classical regression in high-dimensional 
settings291. While GLMs encompass linear, logistic, and Poisson regressions to model various 
target variable distributions, they falter with omics data when the number of predictors far 
exceeds the number of samples, and also struggle with collinearity among predictors, which 
frequently occurs in omics data292. EN addresses these limitations by integrating the sparsity-
inducing L1 penalty, which drives trivial coefficients to exactly zero for variable selection, with the 
L2 penalty, which shrinks and groups correlated predictors to mitigate collinearity  291. This dual 
regularization enables EN to perform simultaneous variable selection and coefficient shrinkage, 
making it particularly suitable for complex biological datasets with many correlated variables 291.  
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For preprocessing, standardization of predictors is usually performed to ensure that the 
regularization penalties are applied equally across all variables291. 

Variable selection in EN is achieved through the L1 penalty by identifying variables with non-zero 
beta coefficients. The variable importance can be assessed based on the magnitude of retained 
standardized beta coefficients, with larger absolute coefficients indicating more influential 
predictors. The key hyperparameters to tune include α, which controls the balance between L1 
(α=1) and L2 (α=0) penalties, and λ, which controls the overall regularization strength. In this 
thesis, EN is incorporated into the MUVR2 algorithm, essential for addressing potential 
confounding in exposure-outcome relationships. 

Support vector machine  

Support vector machine (SVM) works by mapping data into higher-dimensional space to identify 
an optimal hyperplane that maximizes the separation between classes (classification) or 
minimizes prediction errors (regression)280. In classification, the hyperplane (i.e., support vector 
classifier) applies a soft margin that allows controlled misclassification of samples, balancing 
maximizing margin width and minimizing misclassification (bias-variance trade-off) 293. In 
regression, SVM applies a similar principle by fitting a hyperplane within a margin of tolerance, 
allowing for prediction errors while penalizing larger deviations293. In both cases, the observations 
that lie on the edge or within the margin are called support vectors. SVM employs kernel functions 
such as linear, polynomial, or radial basis functions to systematically find support vectors and is 
suitable for binary or multiclass classification problems and complex nonlinear separable 
data294,295. For preprocessing, SVM is usually performed with normalized variables for optimal 
kernel performance296. 

SVM does not provide built-in methods for ranking variables or performing variable selection. 
However, variable importance can be inferred from absolute weights calculated by SVM 
orevaluated using filtering approaches297 or general methods such as Shapley additive 
explanations (SHAP)298 or sensitivity analysis techniques. Key hyperparameters include 
regularization parameter C, which controls margin violations; kernel types and kernel-specific 
parameters. Although SVM was investigated as a potential method for integration into the MUVR2 
framework, computational demands limited its practical implementation in the final algorithm, 
as detailed in Section 5.1.1. 

Artificial neural network 

Artificial neural network (ANN) is based on interconnected nodes organized into layer 
architectures, comprising an input layer (X), one or more hidden layers and an output layer (Y) 280. 
Each node receives inputs, multiplies them by connection weights, adds a bias term, and then 
applies an activation function such as linear functions, unit step activation functions, sigmoid 
functions, hyperbolic tangent, and rectified linear unit functions (ReLU)299. The learning process 
involves backward propagation using gradient descent to iteratively adjust weights to minimize 
differences between predicted and actual outputs300. ANN excels at modeling complex nonlinear 
relationships and has been widely applied in tasks such as image recognition and natural 
language processing301. For preprocessing, ANN is usually performed with input normalization for 
stable gradient descent302. 

Similar to SVM, ANN does not have direct methods for variable selection due to its complex 
structure. However, variable importance can be inferred by examining absolute values of 
connection weights between input and hidden layers using methods such as Garson’s or Olden’s 
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algorithms303 or general methods such as SHAP298 .Hyperparameters in ANN include the number 
of layers and nodes, learning rate, activation function type, batch size and epochs during training 
processes. As with SVM, ANN was explored for potential integration into the MUVR2 framework 
but was ultimately not implemented due to computational constraints and challenges in 
extracting consistent variable importance metrics within the repeated double cross-validation 
structure. 

The supervised ML methods described above offer complementary approaches to analyze 
relationships between exposures, metabolite features, and outcomes. While PLS and RF form the 
core methods in the original MUVR algorithm, the addition of EN in MUVR2 represents a 
methodological advancement that enables adjustment for covariates, a critical feature for 
molecular epidemiological studies where confounding factors must be considered. The 
methodological developments section details a comparative analysis of these approaches, 
evaluating their performance in handling high-dimensional metabolomics data and their 
suitability for real-world study designs. 

3.4.3 The MUVR algorithm 
The MUVR algorithm is a supervised ML method designed to identify associations between 
predictor variables (a matrix X of continuous variables) and a target variable (a vector Y, 
continuous for regression or categorical for classification)240. It is particularly suited for high-
dimensional datasets with few observations, such as omics data240. The MUVR algorithm 
automates the selection of informative variables that contribute to the prediction of Y and has 
been shown to demonstrate improved prediction performance and reduced overfitting, 
compared to rdCV. The MUVR algorithm is implemented in the MUVR R package 240. 

The MUVR algorithm incorporates minimally biased variable selection through recursive 
elimination within a repeated double cross-validation framework 240. Four computational loops 
are embedded in the MUVR algorithm for reducing stochastic effects (repetition loop), assessing 
prediction performance (outer loop), variable ranking and selection (variable selection loop) and 
hyperparameter tuning (inner loop) (Figure 5). MUVR supports PLS and RF as core ML methods, 
accommodating regression (continuous Y), classification (categorical Y), and multilevel (utilizing 
a dummy Y and an effect matrix X, calculated from data with sample dependency, e.g., 
before/after or cross-over interventions) modeling 240.  

In MUVR, variable ranking in PLS uses variable importance in projection scores, while RF employs 
the mean decrease in impurity. MUVR enables three different variable selections based on 
recursive feature elimination, corresponding to different research question perspective240: 
minimal-optimal (‘min’) selection, which identifies the smallest subset of highly informative 
variables-of-interest and is useful for the discovery of predictive biomarkers; all-relevant (‘max’) 
selection, which retains all variables-of-interest contributing to associations between predictors 
and target variables and is useful for biological interpretation and mechanistic investigation. 
MUVR additionally offers a ’mid’ selection that corresponds to the geometric mean of the number 
of variables from the minimal-optimal and all-relevant selection, retaining strong predictors but 
with some redundancy. The  ‘Mid’ selection may thus be useful in situations where alternatives to 
the strongest individual predictors are desirable. 

Beyond its core algorithm, the MUVR package provides tools for permutation analysis and a 
variety of visualization tools for model interpretation (e.g., stability assessments of variable 
selection) 240. The MUVR algorithm has been widely applied in metabolomics research to uncover 
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metabolic signatures linked to diseases or environmental exposures13,304,305. However, the original 
MUVR algorithm is limited to PLS and RF as core ML methods and lacks functionality for covariate 
adjustment, which represents a common limitation in many machine learning approaches when 
applied to study data where confounding factors must be considered. 

 
Figure 5. Graphical representation of the MUVR algorithm. The repetition, outer, variable 
selection and inner loop are presented in purple, brown, blue and green colors.  The figure is 
adapted from the tutorial material from Shi et al 2019240. 

3.5 Exposome-omics-outcome analysis 
While supervised ML leverages omics data to predict exposures or outcomes and identifies 
relevant molecular features, molecular epidemiology aims to investigate molecular associations 
between exposures, omics, and outcomes through causal frameworks. Establishing causality in 
observational studies requires careful consideration of study design, temporal relationships, and 
potential confounding factors. Causal diagrams, typically constructed as directed acyclic graphs 
(DAGs), constitute powerful visual tools to represent and analyze these complex relationships. 
These diagrams consist of nodes representing variables (e.g., exposures, omics data, and 
outcomes) and directed arrows indicating hypothesized causal relationships between them (the 
variable at the arrow’s origin influences the variable at its endpoint). 

When omics features serve as intermediates that connect exposures to outcomes, this 
establishes a temporal sequence: Complex exposures such as diet, pollutants and microbiota 
may influence metabolic regulations, which may subsequently affect cardiovascular 
trajectories, influencing e.g., myocardial infarction and stroke (Figure 6). Among the omics 
technologies, metabolomics is particularly suited to represent such metabolic perturbations due 
to its proximity to phenotypic expression15,193. In epidemiological terms, metabolite features can 
function as potential molecular mediators between exposures and outcomes. However, this 
requires careful consideration of temporal relationships, as metabolites must be influenced by 
exposures before affecting outcomes. Confounders may also be present, affecting exposure-
mediator and mediator-outcome associations (Figure 7). Further contributing to the complexity, 
important sources of unmeasured confounding may include genetic factors, lifestyle variables 
not captured in the study, and unmeasured environmental exposures. Two analytical approaches 
have been commonly employed to investigate potential mechanistic relationships linking 
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exposures, molecular mediators and outcomes, namely meet-in-the-middle analysis and 
mediation analysis.  

To support mechanistic investigations, the molecular epidemiology tool triplot was developed to 
enhance visualization and interpretation of exposure-omics-outcome relationships by 
integrating dimensionality reduction with meet-in-the-middle analysis 306. 

 
 
Figure 6. The combined effect of exposures (including diet, persistent organic pollutants and gut 
microbiota) may produce metabolic perturbations, which can affect cardiovascular health 
outcomes. Figure created with BioRender icons in PowerPoint. Yan, Y. (2025) 
 
 

 
Figure 7. Causal diagram in the form of a directed acyclic graph (DAG), representing hypothesized 
directional relationships between exposures, molecular mediators and outcomes in the 
presence of confounders.  
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3.5.1 The Meet-in-the middle approach 
The concept of “meeting-in-the-middle” originates from observations in prospective studies that 
certain preclinical biomarkers associated both with specific exposures as well as with certain 
diseases, providing evidence for potential causal pathways between exposures and 
outcomes20,307. More generally, this approach identifies molecular signatures that overlap 
between exposure-related markers and outcome-predictive markers, thus effectively meeting in 
the middle, suggesting these overlapping intermediates as potential mechanistic links20. The 
strength of this approach relies on the assumption that molecular features genuinely mediate 
exposure-outcome relationships rather than simply correlate with both due to unmeasured 
factors. 

By analyzing omics data, the meet-in-the-middle approach20 investigates metabolic 
perturbations through which exposures (e.g., diet, POPs, gut microbiota) may affect disease 
outcomes via molecular mediators. These mediators are selected based on their dual 
associations with both exposures and outcomes. However, this approach has several limitations: 
It requires an adequate temporal sequence between exposure, mediator, and outcome which 
however may be difficult to achieve in cross-sectional studies. It may identify spurious mediators 
due to unmeasured confounding; and it requires careful consideration of multiple testing when 
screening large numbers of molecular features. On the other hand, separating the exposure from 
the outcome analyses simplifies the causal structure leading to less strict assumptions and 
overall modeling complexity. 

3.5.2 The Triplot tool  
Triplot is a molecular epidemiology tool designed to visualize and interpret complex relationships 
between multiple exposures, omics intermediates, and health outcomes306. Triplot uses a meet-
in-the-middle framework and integrates three layers of information: First, omics data are 
processed by unsupervised ML (e.g., PCA) to create interpretable components; Second, these 
component scores are correlated with single or multiple exposures; Third, the associations 
between component scores and single or multiple outcomes are calculated306. Triplot provides a 
co-visualization of these three layers to facilitate the interpretation of exposure-omics-outcome 
relationships, enabling holistic analysis in molecular epidemiology  306. The triplot tool is 
implemented in the triplot R package.  

Although triplot was applied in several studies exploring exposure-omics-disease 
relationships13,308, it faces limitations. Methodologically, it lacks support for multiclass 
categorical variables, primarily suggests PCA for data reduction, and does not incorporate more 
statistically rigorous mediation analysis. Practically, the package requires manual execution in R 
and provides limited automation, demanding user familiarity with statistical and general coding.  

3.5.3 Mediation analysis 
Similar to meet-in-the-middle analysis, mediation analysis in epidemiological research aims to 
disentangle potential mechanistic pathways through which exposures affect outcomes309. 
However, mediation analysis specifically quantifies the extent to which the relationship between 
an exposure and an outcome may operate through hypothesized mediators309. The total effect 
(TE) represents the observed association between exposure and outcome. The indirect effect (IE) 
quantifies the portion of this relationship potentially mediated by the hypothesized pathway(s), 
while the direct effect (DE) captures residual association not explained through such 
mediator(s)309,310. This approach requires that the exposure precedes the mediator, which in turn 
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precedes the outcome, ensuring a plausible causal pathway for inference. For simplicity, we 
denote exposure as E, mediator/potential mediator as M, outcome as O, and confounders as C. 

Four stringent assumptions must hold311,312: No unmeasured E-O, E-M or M-O confounding and 
no M-O confounders affected by E311,313. Despite widespread use, mediation analysis faces 
challenges in real-world settings and its issues and recommendations have been widely 
discussed 309,314–319 . For example, the violation of assumption 4 (exposure-induced confounding) 
is particularly problematic in longitudinal studies, where exposures can be measured at multiple 
time points and may influence later confounders of the mediator-outcome associations. To 
detect potential violation of assumptions, sensitivity analyses can be used to quantify 
robustness to unmeasured confounding. Mediation analysis can be conducted using both 
conventional regression-based as well as more modern counterfactual approaches320. 

Conventional mediation analysis  

Baron and Kenny318 established the foundational approach for conventional mediation analysis 
requiring four sequential criteria: 1) E associates with O; 2) E associates with M; 3) M associates 
with O conditional on E; 4) Attenuation of the E-O association when adjusting for M321.  

Two common estimation methods are the difference-in-coefficients and the products-of-
coefficients311,321,322. In the difference-in-coefficients method, the mediation effect is estimated 
by comparing the associations between E and O, with and without M adjustment. In the product-
of-coefficients method, two regressions are employed, where one regresses O on E and M 
(outcome model) and the other regresses M on E (mediator model) 311. The indirect effect is the 
product of the exposure coefficient in the mediator model and the mediator coefficient in the 
outcome model18,311 (Figure 8).  

 

Figure 8. Causal diagrams and formulae for conventional mediation analysis, using the 
difference-in-coefficients and product-of-coefficients method. Confounders are not considered 
in this representation. Letters a, b, c and c’ represent regression coefficients from linear models; 
i represents intercept and Ɛ represents residual. E, exposure; M, mediator; O, outcome.  
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Counterfactual mediation analysis 

Counterfactual mediation analysis, rooted in the potential outcomes framework, provides a 
robust foundation for causal inference by comparing hypothetical scenarios under different 
exposure and mediator conditions. Unlike conventional mediation analysis, which estimates an 
average causal effect (ACE) across populations, counterfactual methods evaluate effects at the 
individual level, allowing for more rigorous causal interpretation.  

In counterfactual mediation analysis, a potential outcome refers to the hypothetical value of an 
individual’s outcome under specific exposure and mediator conditions. Consider a scenario with 
a single exposure, E, which can take the value e or e* (for example, unexposed versus exposed), 
and a mediator, M, which can have values m or m*, corresponding to the value under exposure e 
or e*. Although each individual can only be observed under one combination, either {e, m} or {e*, 
m*}, two additional potential outcomes are imaginable: {e, m*} and {e*, m}, resulting in four 
possible potential outcomes. Three causal effects are typically examined: The natural direct 
effect (NDE) quantifies the direct impact of E on O when M is set to the value it would naturally 
take under the reference exposure (such as the unexposed state, i.e., comparing O{e, m} and O{e*, 

m}); In contrast, the natural indirect effect (NIE) captures how changes in M induced by exposure 
(the natural values of M under exposed and unexposed scenarios) contribute to the effect of E on 
O (i.e., comparing O{e*, m} and O{e*, m*}); Finally, the controlled direct effect (CDE) quantifies the 
direct impact of exposure E on outcome O when the mediator M is fixed to a specific value m†  
independent of E (such as the population mean, i.e., comparing O{e, m†} and O{e*, m†})309,323 . Among 
these effects, NIE is the most important to establish mediation, as it quantifies the extent to 
which the association between exposure and outcome is explained by the mediator 

In counterfactual mediation analysis, the potential outcomes are generated from models trained 
on the observed data. However, unlike conventional mediation analysis, which relies on linear 
models, the counterfactual framework operates without parametric constraints (e.g., predefined 
functional forms or estimation methods), making it inherently non-parametric324 . This flexibility 
enables applications to diverse variable types (continuous, categorical, or mixed) and complex 
mediation scenarios involving non-linear relationships or interaction effects323. Crucially, the 
framework explicitly separates foundational causal assumptions—such as the requirement for 
no unmeasured confounding—from the choice of estimation techniques. While practical 
implementations frequently employ parametric models to estimate potential outcomes, the 
counterfactual framework inherently accommodates both linear and non-linear estimators, 
adapting to different data types and study designs.  

While the analyses in this thesis focused on single-mediator scenarios, emerging methods for 
high-dimensional mediators and exposure-mediator interactions represent critical extensions. 
However, more complex causal structures simultaneously involving multiple mediators fall 
outside the current scope. 
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4. Material and methods 
This chapter outlines the datasets and methods underpinning the research presented in this 
thesis. It describes the test datasets used for the development and validation of the MUVR2 
algorithm (Paper I) and the TriplotGUI toolbox (Paper II), as well as the study populations, data 
collection procedures, and statistical methods applied in the cohort studies (Papers III and IV). 

4.1 Test data for MUVR2 (Paper I) 
Three datasets with complementary characteristics were employed to validate and showcase 
MUVR2 across different analytical scenarios: regression modeling (Freelive2), binary 
classification (Mosquito), and epidemiological case-control analysis (BioDiVa). 

Freelive2 

This dataset investigates metabolic profiles in relation to dietary exposures, adapted from the 
original MUVR Freelive dataset240. It includes 1147 urine metabolite features from 58 participants 
as predictors (X), with self-reported whole-grain rye consumption serving as the continuous 
target variable (Y).  

Mosquito 

The dataset is derived from a study of microbiota composition in mosquitoes across villages in 
Burkina Faso240. It includes 1678 16S rRNA operational taxonomic units (OTUs) as predictors (X), 
with 738 OTUs retained after filtering near-zero variance. The categorical target variable (Y) 
corresponds to the village of mosquito capture. 

BioDiVa 

This dataset is derived from a nested case-control study that profiled metabolic signatures 
associated with future type 2 diabetes onset in the Västerbotten Intervention Program325. Notably, 
one of the cohorts used in Paper IV (see section 4.3.2) is also derived from this nested case-
control study. The cohort shares the name BioDiVa but differs in the selection of cases and 
controls. Predictors (X) comprise 24758 metabolite features from 842 participants (cases and 
individually matched controls), with prospective binary diabetes status as the target variable (Y). 
Additional covariate data, such as age and sex, are also available for analysis.  

4.2 Test data for TriplotGUI (Paper II) 
HealthyNordicDiet2 

The HealthyNordicDiet2 data were employed to validate and showcase TriplotGUI. The dataset 
was simulated from authentic data used in a matched case-control study nested within the 
Swedish prospective Västerbotten Intervention Programme cohort. It contains information on 
1000 synthetic observations (500 cases and 500 controls matched by gender and age), 17 
exposure variables representing dietary indices and food intake; 31 omics variables and three 
outcomes: Future type 2 diabetes (T2D) as a binary variable, numeric body mass index (BMI) and 
categorical BMI (BMI_cat) with 4 levels (obese, overweight, normal, underweight). Additionally, 
five covariates (gender, age, education, physical activity level, smoking) were included as 
potential confounders, along with auxiliary data containing pairing information matching controls 
to cases. The simulated dataset preserves the statistical properties and correlation structure of 
the original data while ensuring privacy protection.  
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4.3 Study populations (Paper III, IV) 

4.3.1 SIMP-UC (Paper III, IV) and SIMP-VC (Paper IV) 
SIMPLER-Uppsala Clinical (SIMP-UC) and SIMPLER-Västerås Clinical (SIMP-VC) are part of the 
Swedish Infrastructure for Medical Population-Based Life-Course and Environmental Research 
(SIMPLER; https://www.simpler4health.se/)326 

SIMP-UC: The Swedish Mammography cohort (SMC) was established in 1987, where women 
born during 1914–1948 residing in Västmanland County between 1987 and 1989 or living in 
Uppsala County between 1988 and 1990 (74% response rate, n = 61,433) were invited. From 2003 
through to 2009, a subset of 5,022 women in SMC under 85 years old from Uppsala underwent 
health examinations, providing blood samples, anthropometric measurements (weight, height, 
waist/hip circumference), and questionnaire data. This population constitutes the SIMP-UC 
cohort.  

SIMP-VC: The Cohort of Swedish Men (COSM) was established in 1997, where men born between 
1918 and 1952 in Västmanland and Örebro counties (49% response rate, n = 45,906) were invited. 
From 2010 through to 2019, participants in COSM over 75 years old and living in Västerås were 
invited for health examination, using the same data collection protocols as SIMP-UC. When all 
men over the age of 75 had been invited, additional men in COSM living in Västerås County were 
invited, starting with the earliest birth year. In addition, between 2010 and 2019, women in SMC 
living in Västmanland county were invited for health examination. A total of 2,630 women and 
4,754 men constitute the SIMP-VC cohort.  

4.3.2 BioDiVa (Paper IV) 
The Västerbotten intervention programme (VIP), is a subcohort of the Northern Sweden Health 
and Disease Study cohort and was launched in Västerbotten County in 1985 with the aim of 
reducing morbidity and mortality from CVD and diabetes 327. In VIP, middle-aged individuals were 
invited when they reached 30, 40, 50 or 60 years of age for health examinations, including blood 
sampling and lifestyle surveys. Approximately 6,500-7,000 examinations take place each year 
and yearly participation rates range between 48-67%. The VIP cohort included 141,000 sampling 
occasions from 98,300 unique individuals by March 2015. The BioDiVa cohort includes 503 case-
control pairs from a study of type 2 diabetes nested within the VIP cohort 325.  

4.3.3 MAX (Paper IV) 
The Diet, Cancer, and Health - Next Generations MAX study (DCH-NG MAX) is a validation 
subsample of the larger Diet, Cancer and Health-Next Generations (DCH-NG) cohort. The DCH-
NG MAX study was conducted between August 2017 and January 2019, aiming to investigate 
dietary habits and their associations with health outcomes among participants aged 18 years and 
older328. It was designed as a one-year observational study with evaluations at baseline, six 
months, and 12 months329, with a total of 720 individuals enrolled in the study. The MAX cohort 
includes 676 participants who completed at least one 24-hour dietary recall and health 
examinations including blood sampling 330.  

Written informed consent was obtained from all study participants in all cohorts. Detailed 
information is available in Papers III and IV. 

https://www.simpler4health.se/
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4.4 Omics assessment (Paper III, IV) 

4.4.1 Metabolomics (Paper III, IV) 
Untargeted metabolomics data across SIMP-UC, SIMP-VC, BioDiVa and MAX were acquired using 
LC-MS measurements on blood samples. Missing values were imputed prior to statistical 
analysis, using a random forest-based method (in-house R package “StatTools”, 
https://gitlab.com/YingxiaoYan/StatTools). Detailed descriptions of the analytical procedures are 
provided in Papers III and IV. 
 
SIMP-UC and SIMP-VC: Samples were analyzed in positive and negative ionization modes using 
a reversed-phase (RP) column. Study-specific quality controls (sQCs) and long-term quality 
controls (ltQCs) were used for drift correction and batch normalization331,332. In Paper III, features 
with a coefficient of variation >30% among quality control samples were removed. Features with 
putative POP annotations were excluded.  

BioDiVa: Samples were analyzed in positive and negative ionization modes using both RP and 
HILIC columns. A constrained randomization scheme ensured paired case-control samples 
remained within the same batch, with sQCs and ltQCs similarly used for drift correction and 
batch normalization325. 

MAX: Samples were analyzed using the same methods as for SIMP-UC and SIMP-VC331,332. 

4.4.2 Proteomics and Genomics (Paper III) 
In Paper III, proteomics and genomics data were generated in SIMP-UC from the same samples 
as for metabolomics analysis. 

Proteomics 

Proteins were quantified using high-throughput multiplex immunoassays: Olink® Proseek 
Multiplex CVDII, CVDIII and Metabolism (Olink Bioscience, Uppsala, Sweden) and yielded 
normalized protein expression values on a log2 scale standardized per analysis plate. Proteins 
with more than 25% values below limit of detection were removed prior to analysis and remaining 
missing values were imputed (StatTools R package). 

Genomics 

Genotyping was performed and single-nucleotide polymorphism (SNPs) were imputed using 
Haplotype Reference Consortium (HRC) v1.1 and 1000 Genomes project phase 3 reference 
panels. The results were then analyzed using GenomeStudio 2.0.3 from Illumina. The sample 
success rate was ≥98%. To prefilter the genetics data, SNPs associated with POP exposures were 
selected using linear model with additive effects at a cut-off of p<0.000005, balancing the 
stringency required to limit false positives with the need to retain sufficient variants for 
downstream analysis, using the Plink 2.0 software. 

4.5 Outcomes, exposures and covariates assessment (Paper 
III, IV) 

4.5.1 Outcome assessment (Paper III, IV) 
First incident cases of MI and cases of ischemic stroke were ascertained via linkage of the SIMP-
UC and SIMP-VC cohorts to the Swedish National Inpatient Register. The diagnoses were based 

https://gitlab.com/YingxiaoYan/StatTools
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on the International Classification of Diseases, 10th Revision (ICD-10, WHO 2016), with codes 
I21 for MI and I63 for ischemic stroke, covering the period from baseline blood sampling through 
2021. Follow-up time ranged from 0.0 to 16.0 years (median: 7.4 years) for MI cases; 0.0 to 16.5 
years (median: 8.4 years) for stroke cases and 12.3 to 18.2 years (median: 14.6 years) for controls 
in SIMP-UC and from 0.0 to 10.5 years (median: 3.0 years) for MI cases; 0.0 to 10.9 years (median: 
3.6 years) for stroke cases and 2.5 to 12.5 years (median: 6.8 years) for control in SIMP-VC. 
Individuals who had experienced MI or stroke before plasma sample collection or who lacked 
omics data were excluded from the analysis. 

4.5.2 Dietary assessment (Paper IV) 
Diet was assessed in SIMP-UC and SIMP-VC for Paper IV using validated food frequency 
questionnaires (FFQs). A range of dietary variables, including food items, nutrients and dietary 
scores were investigated as exposures. In SIMP-UC, participants received four different diet and 
lifestyle questionnaires at various time points: FFQ 1997, FFQ 2004V1, FFQ 2004V2, and the 2009 
Lifestyle questionnaire. In SIMP-VC, the vast majority of participants completed the 2009 Lifestyle 
Month and Uppsala Home – Lifestyle Month questionnaires. Additionally, two dietary scores, i.e., 
a modified Mediterranean Diet score (mMed)333 and the Dietary Approaches to Stop Hypertension 
score (DASH)334, were calculated and included as dietary variables in the analysis.  

Food items and nutrient variables with near zero variance (i.e., where unique values were present 
in less than 10% of all observations and where the ratio of the most common to the second most 
common value exceeded 95/5) or variables with >2/3 missing values were excluded. The 
remaining variables, including the 2 dietary scores, were included for individuals with available 
dietary and metabolomics data in the data analysis.   

4.5.3 Persistent organic pollutants assessment (Paper III, IV) 
POPs were measured in SIMP-UC in Papers III and IV and in BioDiVa in Paper IV.  

SIMP-UC: OCs were measured in plasma samples by gas chromatography-triple quadrupole 
mass spectrometry (GC-MS/MS)335. Twenty-five compounds were analyzed: 13 Polychlorinated 
biphenyls (PCBs) (congeners 28, 52, 74, 99, 101, 118, 138, 153, 156, 170, 180, 183, and 187); 9 
organochlorine pesticides or their metabolites: dichlorodiphenyltrichloroethane (p,p′-DDT), 
dichlorodiphenyldichloroethylene (p,p′-DDE), α-hexachlorocyclohexane (α-HCH), β-HCH, γ-
HCH, pentachlorobenzene (PeCB), hexachlorobenzene (HCB), transnonachlor, and 
oxychlordane; and 3 polybrominated diphenyl ethers (BDE 47, 99, 153). PFAS were measured in 
plasma samples by targeted liquid chromatography-triple quadrupole mass spectrometry (LC-
MS/MS)336, covering eight PFAS compounds: perfluorohexanesulfonate (PFHxS), 
perfluoroheptanoic acid (PFHpA), perfluorooctanesulfonic acid (PFOS), perfluorooctanoic acid 
(PFOA), perfluorononanoic acid (PFNA), perfluorodecanoic acid (PFDA), perfluoroundecanoic 
acid (PFUnDA), and perfluorododecanoic acid (PFDoA).  

BioDiVa: POPs were measured in plasma samples following similar methods as in SIMP-UC, 
albeit excluding 3 OCs, PCB (28, 52, 101) and additionally including 5 PFAS: Perfluorohexanoic 
acid (PFHxA), perfluorotridecanoic acid (PFTrA), perfluorotetradecanoic acid (PFTA), 
perfluoroheptane sulfonic acid (PFHpS) and perfluorodecane sulfonic acid (PFDS). 

In Paper III, nine POP compounds were excluded prior to analysis due to >50% of values being 
below the limit of detection (LOD) (i.e., PFDoA, PeCB, α-HCH, γ-HCH, BDE 47, BDE 99, and BDE 
153) or due to sample contamination (i.e., PFOA and PFHpA). Concentrations below LOD were 
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replaced by LOD/√2. In Paper IV, in both SIMP-UC and BioDiVa, the OCs above LOD were 
normalized using the standard formula for calculating total lipids (Total lipid = 2.27 × total 
cholesterol + triglycerides + 0.623 [g/L])337. For OC concentrations below the LOD, the 
corresponding lipid-normalized LOD/√2 value was assigned. For PFAS, the LOD/√2 value was 
used for concentrations below the LOD. 

4.5.4 Gut microbiota assessment (Paper IV) 
Gut microbiota composition was estimated for SIMP-VC and MAX and the details of the 
procedures are described in Paper IV. 

SIMP-VC: After fecal sampling, DNA was extracted and Shotgun metagenomic sequencing of the 
gut microbiome was performed. For taxonomic composition, raw sequence data was processed 
with the StaG-metagenomic workflow collaboration338,339, which includes host-DNA removal and 
taxonomic profiling using MetaPhlAn version 4.0.3 340. Microbiota compositions were represented 
by relative abundance, which was calculated as the proportion of reads assigned to each taxon 
relative to the total reads per individual at each taxonomic (i.e., kingdom, phylum, class, order, 
family, genus, species and strain) level. Alpha diversity indices (i.e., Shannon and inverse 
Simpson index341) were also calculated. 

MAX: DNA extraction of fecal samples was performed and 16S rRNA gene sequencing was 
conducted. Following sequencing, data processing was carried out using the QIIME2 software, 
which involved removing primers, ambiguous sequences, and chimeric sequences through the 
dada2 method. Amplicon sequence variants (ASVs) were then assigned taxonomy using the Silva 
16S rRNA database at a ≥97% identity threshold. ASVs that shared taxonomic identity were 
merged, while single-read phylotypes were excluded from further analysis 342. ASVs in MAX were 
presented at kingdom, phylum, class, order, family and genus levels. 

Participants with recent antibiotic use within six months or missing microbiota or metabolomics 
data were excluded. Microbiota features with near-zero variance or with prevalence <2/3 were 
excluded. Centered log-ratio transformation was then applied to the microbiota features at each 
taxonomic level to mitigate compositional data bias. 

4.5.5 Covariate assessment (Paper III, IV) 
Covariates were selected based on established confounding potential and directed acyclic graph 
(DAG) considerations. Variables that may impact both metabolic regulation and exposures (i.e., 
diet, POPs, gut microbiota) or cardiovascular outcomes were considered potential covariates, 
including age, sex, education (primary school, high school, university), smoking status (current, 
ever and never smoker), BMI and total energy intake (kCal/day). These variables were collected 
consistently across the cohorts via standardized questionnaires. 

Additionally, the number of food items investigated varied between questionnaires within SIMP-
UC, with potential impact on the calculated total energy intake. To address this issue, the 
questionnaire type was included as an additional covariate. In SIMP-VC, dietary assessment was 
homogeneous across participants, wherefore questionnaire type was not adjusted for. 

In Paper III, missing values of covariates in SIMP-UC were imputed using a random forest method 
(R package “StatTools”) with omics data as predictors. In Paper IV, missing values of covariates 
in SIMP-UC and SIMP-VC were imputed separately, using MUVR2’s random forest-based 
algorithm with metabolomics data as predictors. The proportion of missing data for each 
covariate ranged from 0% to 5.67%. 
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4.6 Study design and statistical analysis (Paper III, IV) 
To investigate the associations between exposures and outcomes via omics, meet-in-the-middle 
and mediation analyses were used to identify omics features associated with both exposures and 
outcomes. Combining machine learning and classical univariate analysis, Paper III adopted an 
exposure-centric approach, where omics features associated with exposures were first selected 
and their association with outcomes subsequently investigated; Paper IV instead adopted an 
outcome-centric approach, where omics features associated with outcomes were first selected 
and their associations with exposures subsequently investigated. 

A comparison between the design and statistical analysis steps in Papers III and IV is 
summarized in Table 1. 

4.6.1 Persistent organic pollutants, omics and cardiovascular disease 
risk in Swedish women (Paper III) 
In Paper III, a nested case-control study design was applied within the SIMP-UC cohort, focusing 
on first incident cases of primary MI and ischemic stroke. Controls were randomly matched to 
cases based on age (±1 year) and sample date (±90 days), with 1 case to 2 controls for MI and 1 
case to 1 control for stroke. Only subjects with available omics data were included (n=657). 

To capture the variability among POP exposures and reduce the number of analyses, a principal 
component analysis with varimax rotation was performed on POPs, resulting in two components 
(57% of total variance) representing OCs and PFAS, respectively. Prior to statistical analysis, 
metabolite features were log-transformed to achieve approximate normality and standardized to 
unit variance. 

Statistical analysis steps were performed as outlined in Table 1. At Step 1, omics features were 
associated with POPs cross-sectionally. Omics data were used as predictors and the OC and 
PFAS components were used as target variables, respectively, analyzed using random forest 
regression implemented in the MUVR algorithm. The MUVR algorithm employed repeated double 
cross-validation to minimize overfitting and provide robust variable selection. At Step 2, 
associations between POPs and POP-related omics features were adjusted for confounders 
using partial Spearman correlation. POP-related features with p-value<0.05 were retained for the 
next step. At Step 3, conditional logistic regression was performed for the prospective 
associations between POP-related omics features and CVD risk, including MI, stroke or 
composite CVD. At Step 4, relationships between POPs, selected molecular features and CVD 
outcomes were visualized using a triplot. 

4.6.2 Exposome, omics and cardiovascular disease risk in Nordic adults 
(Paper IV) 
In Paper IV, the study design expanded to include four cohorts, SIMP-UC (n=4876), SIMP-VC 
(n=7518), BioDiVa (n=402), and MAX (n=513), for cross-cohort discovery and replication (Figure 
9). Prior to statistical analysis, metabolite features were standardized. 
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Figure 9. Schematic of the study design and the selection of metabolite features for Paper IV. 
Metabolite features associated with MI and stroke outcomes were first identified in the cross-
cohort discovery and replication. These outcome-related features were then examined for their 
associations with exposures in the discovery and replication cohort to identify exposure-
outcome-related features. MI, myocardial infarction; POP, persistent organic pollutants.  
 
Statistical analysis steps were performed as outlined in Table 1. At Step 1, using the SIMP-UC 
cohort for discovery, metabolite features associated with MI or stroke were identified. For each 
outcome, cases were matched with an equal number of controls via random sampling. Elastic 
net modeling (MUVR2-EN) was applied to metabolite features as predictors and case-control 
status as the target variable. This process was repeated five times, and features selected in at 
least three iterations were retained for replication. At Step 2, using SIMP-VC for replication, 
logistic regression analysis was performed to replicate the associations between selected 
features and outcomes. Metabolite features with same effect direction and p-value<0.05 were 
considered replicated. The entire discovery and replication procedure was then repeated using 
SIMP-VC for discovery and SIMP-UC for replication. Only features that were associated with either 
MI or stroke in the same direction in both cohorts were considered outcome-related features for 
further analysis.  

At Step 3, outcome-related features were linked to exposures using partial Spearman correlation 
in SIMP-UC as the discovery cohort for dietary and POP exposures and SIMP-VC as the discovery 
cohort for microbiota exposures. Associations with p-value<0.05 and coefficient |ρ| > 0.2 were 
retained for replication, balancing statistical significance with biological relevance. At Step 4, 
using partial Spearman correlation, SIMP-VC, BIODIVA and MAX were used as replication cohorts 
for diet, POPs and microbiota respectively. Replicated features (p-value<0.05) were considered 
exposure-outcome-related features. 

At Step 5, conventional and counterfactual mediation analysis was performed to further explore 
potential causal associations for the selected exposure-metabolite-outcome associations, with 
mean + 1 standard deviation and mean - 1 standard deviation as contrasts for exposures in 
counterfactual mediation analysis19.  A significant mediation effect was defined as an indirect 
effect with a p-value<0.05. However, we acknowledge that observational mediation analysis 
cannot establish definitive causal relationships and results should be interpreted as suggestive 
of potential mechanistic pathways requiring validation through experimental studies. At Step 6, 
relationships between exposures, selected exposure- and outcome-related features and CVD 
outcomes were visualized using TriplotGUI.  
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5. Summary of findings - Methodological 
development (Paper I, II) 
This chapter presents the methodological contributions of this thesis, comprising two novel 
computational tools for molecular epidemiology research. Paper I describes the development of 
MUVR2, an enhanced machine learning framework for high-dimensional feature selection with 
covariate adjustment capabilities. Paper II presents TriplotGUI, a user-friendly toolbox for 
integrated analysis and visualization of exposure-omics-outcome relationships. Together, these 
methodological advances address critical gaps in molecular epidemiology by providing robust 
tools for variable selection and mechanistic interpretation through omics in complex multi-
exposure/outcome studies. 

5.1 MUVR2 (Paper I) 
The MUVR2 algorithm represents a significant enhancement to the original MUVR framework, 
addressing key limitations in ML approaches for molecular epidemiology. Key improvements 
include: Incorporating elastic net analysis, which allows covariate adjustment; Providing a 
general framework for assessing prediction performance and overfitting and; Expanding the 
compatibility with diverse variable types such as categorical and mixed data. MUVR2 is publicly 
available as an R package on the Comprehensive R Archive Network (CRAN) (https://cran.r-
project.org/web/packages/MUVR2/index.html). 

5.1.1 The MUVR2 Algorithm 
Algorithm Development and Machine Learning Integration  

The MUVR2 development process systematically evaluated the integration of three additional 
machine learning methods beyond the original PLS and RF implementations: elastic net (EN), 
support vector machines (SVM), and artificial neural networks (ANN). As MUVR2 performs 
recursive variable elimination, a variable importance rank is calculated in its repeated double 
cross-validation structure to guide variable selection. However, unlike PLS and RF, which 
internally compute variable importance scores useful for ranking variables, SVM and ANN do not 
inherently provide variable importance measures or perform variable selection. While EN 
enables variable selection by identifying variables with non-zero beta coefficients, it does not 
internally calculate a variable importance rank. To address these limitations, additional methods 
and R packages were investigated in MUVR2 to perform variable ranking and selection for SVM, 
ANN, and EN (Table 2). SHAP values were not used for variable importance ranking in MUVR2, 
due to their high computational demands. 

https://cran.r-project.org/web/packages/MUVR2/index.html
https://cran.r-project.org/web/packages/MUVR2/index.html


 

38 
 

Table 2. R packages involved in the MUVR2 for ML analysis, variable ranking and a brief comment 
on variable selection mechanism. PLS, partial least squares; RF, randomForest; EN, elastic net; 
SVM, support vector machine; ANN, artificial neural network; CV. cross-validation 

 R package for 
ML analysis 

R package for 
variable ranking 

Variable selection mechanism 

PLS pls pls Built-in variable importance in projection scores 
RF randomForest/ 

ranger 
randomForest/ 

ranger 
Built-in variable importance 

EN glmnet - Variable importance based on the number of times 
having non-zero beta coefficients across repetitions 
and outer CV loops 

SVM kernlab rminer Variable rankings based on sensitivity analysis 
ANN neuralnet/nnet neuralNetTools Variable rankings based on connection weights using 

Olden and Garson’s algorithms 
 

Implementation Challenges and Solutions  

Although SVM and ANN are theoretically compatible with the MUVR2 framework, their 
computational demands made them impractical for implementation within the repeated double 
cross-validation structure, particularly when combined with hyperparameter optimization. 
Computational complexity scales exponentially with the nested cross-validation loops, making 
SVM and ANN prohibitively resource-intensive for typical omics datasets. Consequently, the 
current MUVR2 implementation focused on EN integration, with two variable selection options 
based on variables with non-zero beta coefficients across repetitions and outer CV loops:  

(1) Prediction performance is estimated as a function of the number of selected variables using 
locally weighted least square regression. This approach generates a curve analogous to variable 
selection for PLS and RF in the original MUVR algorithm, enabling variable selection based on 
optimal prediction thresholds (Figure 10a). (2) Only the quantiles of the number of variables 
selected across repetition and outer loops are used to define minimal-optimal and all-relevant 
variables (Figure 10b). The latter option is more suitable when the curve in the former exhibits 
instability. 

 
Figure 10. Example of validation plot and variable selection of MUVR2-EN in classification 
modeling using Mosquito data. (MUVR2-EN parameters: nRep = 35, nOuter=8). (a) Prediction 
performance is estimated as a function of the number of selected variables across repetition and 
outer loops. Variable selection is based on the fitted curve. (b) Variable selection is only based on 
the quantiles of the number of variables selected across repetition and outer loops. The figure is 
taken from Yan et al 2024237 under a CC BY 4.0 license. 
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In addition to incorporating elastic net, MUVR2 introduces several enhancements beyond its 
predecessor. Covariate adjustment is supported in MUVR2 through elastic net. To systematically 
assess prediction performance and overfitting, MUVR2 provides both permutation and 
resampling tests as well as a reference distribution, enabling direct comparison of the model’s 
actual prediction performance to what would be expected by chance.  In addition, categorical 
predictors are allowed in MUVR2 through a one-hot-encoding procedure, transforming 
categorical variables into multiple binary numerical variables. Furthermore, prediction 
performance in MUVR2 can be evaluated by balanced error rate (BER) for classification tasks in 
addition to metrics previously employed in the original MUVR algorithm. A detailed presentation 
of the improvements offered by MUVR2 is presented in Figure 11. The MUVR2 functionality for 
covariate adjustment and assessing prediction performance and overfitting is described in 
sections 5.1.2 and 5.1.3. 

 
Figure 11. A comparison between the MUVR and MUVR2 algorithms for input data, method 
choice, output and model assessment. The new functionalities provided by MUVR2 are in red. 
PLS, partial least squares; RF, randomForest; EN, elastic net; MISS, misclassifications; AUROC, 
area under receiver operating characteristic curve; BER, balanced error rate. The figure is adapted 
from the tutorial material from Yan et al 2024237. 

5.1.2 Covariate adjustment 
To address confounding in predictive modeling, several approaches to integrate covariate 
adjustment functionality in MUVR2 were investigated. The investigated hypotheses posited that 
covariates could be adjusted by either (1) systematically excluding them from recursive 
elimination in the MUVR2 PLS and RF framework or (2) suppressing their regularization in EN 
models. The expectation was that this would diminish the variable importance of the covariate-
associated predictors, leading to their exclusion during variable selection. 

Initial investigation using synthetic data confirmed successful covariate adjustment for EN but 
not for PLS or RF. This difference may be because, in MUVR2’s recursive elimination, covariates 
are not deconvoluted but forced to compete with other predictors on equal terms. In contrast, EN 
ensures that the covariates are always fully incorporated in the regularized linear models, with 
their effects properly isolated from other predictors. 
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Further validation was performed using MUVR2-EN with real-world BioDiVa data. Sex was 
considered a potential confounder in metabolite-type 2 diabetes (T2D) associations. Three EN-
based classification models were constructed:  

• Cnone: X=metabolite features, Y=T2D status 
• Cadd: X=metabolite features+sex, Y=T2D status, where sex is included but not adjusted for 
• Ckeep: X=metabolite features+sex, Y=T2D status, where sex is included and adjusted for 

Comparisons between Cnone and Cadd (not shown) revealed nearly identical variable importance 
ranks, indicating that merely including sex without adjustment does not influence feature 
selection.  

To assess covariate adjustment, the selection ratio (i.e., the frequency of features being selected 
across the nRep x nOuter models) of 286 sex-correlated features selected in Cadd was compared 
to adjustment (Ckeep). Under the null hypothesis that adjusting for sex would not reduce the 
selection of sex-correlated features, the change in the selection ratio would be normally 
distributed around zero. Conversely, a skewed distribution would be expected if adjusting for sex 
diminished the predictive contribution of sex-correlated features, thereby lowering their 
selection ratios in Ckeep. 

The observed skewed distribution (Figure 12) clearly demonstrated that covariate adjustment 
reduced the inclusion of sex-correlated features. Notably, features with stronger sex correlations 
showed greater reductions in selection ratios, while weakly correlated features remained largely 
unaffected. This finding suggests that covariate adjustment selectively filters variables whose 
associations with outcomes are confounded by covariates, thereby preserving features with 
more direct biological relevance. 

 

Figure 12. Change in selection ratios of 286 sex-correlated features, representing the difference 
in feature selection between adjusting for sex (Cadd) and not (Ckeep) in MUVR2-EN with 180 
underlying models (nRep = 30, nOuter = 6). The left-skewed distribution highlights that sex-
correlated features get selected less often when adjusted for in Elastic Net modeling. The figure 
is reproduced from the supplemental material from Yan et al 2024 237 under a CC BY 4.0 license. 

5.1.3 Assessing prediction performance and overfitting 
MUVR2 introduces resampling tests and reference distributions as a general framework to 
systematically evaluate prediction performance and overfitting. 
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Permutation tests 

In traditional permutation tests, the permuted target variable is obtained by randomly reassigning 
values from the actual target variable without replacement, thereby breaking associations 
between predictors and the target variable. When using predictors and the permuted target 
variable for modeling, the prediction performance should represent a scenario under the null 
hypothesis since the target variable is effectively unrelated to the predictors.  

Permutation of the actual target variable can be performed many times, generating a distribution 
of prediction performance (H0modeled) by modeling each permuted target variable as a function of 
the unpermuted predictors. If the actual prediction performance falls within this H0modeled 
distribution, it indicates that the model predicts random associations as effectively as true ones, 
suggesting that the actual model is unfit for inference. Thus, permutation tests evaluate whether 
a model’s prediction performance exceeds what would be expected by chance, acting as a 
critical safeguard against inflated performance claims in machine learning. 

Resampling tests 

Resampling tests extend from permutation tests by simulating null-hypothesis target variables 
through random draws from the empirical distribution of the actual target variable, thereby 
introducing larger variability in the resampled target variable distribution compared to 
permutation tests. H0modeled is obtained as for permuted target variables, i.e., by modeling each 
resampled target variable as a function of the original, non-resampled predictors. Three types of 
statistical tests are provided to compare actual prediction performance to H0modeled: (1) An 
empirical test, where p-values are obtained as the cumulative probability of the actual model 
within the smoothed H0modeled; (2) A t-test, which assumes that H0modeled follows a t-distribution 
from which cumulative probability is calculated; (3) A non-parametric test, which uses the rank 
order of the actual prediction performance and H0modeled, as implemented by Szymańska et al343. 
In general, the empirical test is recommended since H0modeled frequently does not follow a 
Gaussian distribution and the rank-order-based non-parametric test is limited in resolution and 
therefore unable to assess p < (1 / number of resamples). 

Reference distribution 

While permutation and resampling tests address the predictive performance on actual data in 
relation to a null hypothesis distribution obtained from breaking underlying associations between 
predictor and target variables, an important problem persists. Namely, depending on the 
suitability between the machine learning method used and the resampled (or permuted) data, 
the modeling itself may systematically affect the null-hypothesis distribution. To address this 
issue, a reference H0 distribution (H0reference) was introduced by calculating prediction 
performance directly from resampled target variables representing the predicted results. By 
excluding the modeling itself altogether, this approach effectively also excludes all modeling 
overfitting. By comparing actual prediction performance with H0modeled and H0modeled with 
H0reference, overfitting can thus be assessed more systematically:  

• A non-significant p-value indicates that the actual prediction performance is 
indistinguishable from the H0modeled distribution at the corresponding confidence level 
and is unfit for inference. 

• The magnitude of the difference between H0modeled and H0reference represents the extent of 
systematic overfitting induced by the modeling strategy in combination with the data. 
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Using resampling tests and reference distributions, prediction performance and overfitting were 
evaluated across four CV modeling strategies for PLS, RF and EN: (1) Fit-predict: The entire 
dataset was used for both training and testing and hyperparameters were tuned through single 
cross-validation; (2) Single cross-validation (1CV); (3) Double cross-validation (2CV); (4) MUVR2. 
Results from regression analyses using the Freelive2 data (Figure 13) showed that the largest 
reduction in overfitting resulted from employing any CV and that more complex CV structures 
improved prediction performance. MUVR2 demonstrated bioinformatical advantages by 
achieving automated variable selection without compromising prediction performance or 
imposing bias, highlighting its utility in high-dimensional omics research. Interestingly, only PLS 
achieved H0modeled corresponding to the H0reference for the dataset investigated, indicating that PLS 
is particularly well-suited for prediction with this specific dataset, while other methods may not 
be as compatible. 

Figure 13. Predictive performance in regression (Q2) for actual modeling (vertical lines) and 
resampling tests (H0modeled; histograms and smoothed curves) and reference distribution 
(H0reference; histograms at the bottom). Modeling was performed using PLS (left), RF (middle) and 
EN (right) with different validation strategies, including fit-predict, 1CV, 2CV and MUVR2 (except 
for EN, since 2CV is identical to MUVR2) using the Freelive2 data (58 observations, 1147 
variables). P-values were generated from the smoothed curve of the H0modeled distribution. PLS, 
partial least squares; RF, Random forest; EN, Elastic net; CV, cross-validation. The figure is 
reproduced from Yan et al 2024 237 under a CC BY 4.0 license. 
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5.1.4 Discussion 
The MUVR2 algorithm is a supervised ML algorithm that integrates variable selection and 
validation within a repeated double cross-validation framework, supporting regression, 
classification and multilevel analysis via PLS, RF and EN. Through validation using simulated and 
real-world data, MUVR2-EN has demonstrated the ability to perform covariate adjustment 
directly within ML modeling, thereby offering new opportunities for applying ML in 
epidemiological studies with minimal data leakage. 

Moreover, MUVR2 introduces a comprehensive framework for systematic assessment of 
modeling prediction performance and overfitting, incorporating resampling tests and reference 
distributions. This framework enables researchers to quantitatively evaluate model reliability and 
overfitting, guiding the selection of robust modeling strategies for high-dimensional datasets. 
Compared to other CV strategies, MUVR2 demonstrates clear bioinformatics advantages by 
achieving competitive prediction performance while simultaneously performing variable 
selection without introducing additional overfitting. 

Despite these advances, integrating SVM and ANN into MUVR2 remains challenging due to high 
computational demands, which currently limits the framework's comprehensiveness. Future 
development should focus on computational optimization – such as adopting faster 
programming languages344, parallel processing, or approximation methods – to support advanced 
machine learning methods within the repeated double cross-validation structure. To 
demonstrate broader applicability of MUVR2’s methodological innovations, further validation 
across diverse omics platforms, study designs, disease contexts, and other types of datasets is 
necessary. 

5.2 TriplotGUI (Paper II) 
The triplot tool was designed to enhance the visualization and interpretation of complex 
relationships between multiple exposures and outcomes using high-dimensional omics data as 
molecular intermediates. To expand its functionalities and applications, the TriplotGUI toolbox 
was developed. Compared to the original triplot package, TriplotGUI incorporates both PCA and 
WGCNA for data reduction of omics data and supports both mediation and meet-in-the-middle 
analyses. Notably, TriplotGUI features a user-friendly pipeline with a programming-free interface 
that automates data analysis and visualization. The toolbox is available as an R package at 
https://github.com/MetaboComp/TriplotGUI and its web application can be accessed at 
https://metabocomp.shinyapps.io/triplotgui 

5.2.1 Design and Pipeline 
TriplotGUI adopts a reactive stepwise modular design, consisting of five analysis steps and two 
additional functionalities (Figure 14). Each step and functionality corresponds to an independent 
tab in TriplotGUI’s interface, providing a clear outline for data analysis and visualization. Color-
coded boxes guide users through the following workflow: i) Uploading omics, exposure and/or 
outcome data; ii) Uploading covariate and auxiliary data; iii) Modifying settings for data analysis; 
iv) Modifying settings for visualization; v) Viewing figure and data output. 

https://github.com/MetaboComp/TriplotGUI
https://metabocomp.shinyapps.io/triplotgui
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Figure 14. (a) Flow chart of the TriplotGUI structure. Each box corresponds to a tab in the 
TriplotGUI sidebar, representing one of the five analysis steps or two additional functionalities. 
Arrows connecting the boxes can be interpreted as data flows. Dark blue ovals represent omics, 
exposure and outcome input data, and light blue ovals represent covariate and auxiliary input 
data. Green ovals represent TriplotGUI objects (“TPObjects”) generated in the different steps, 
containing the accumulated information gathered up to and including that step. (b) Sidebar from 
the TriplotGUI application that corresponds to the steps and functionalities visualized in the 
flowchart. 
 
Step 1. Data reduction   

High-dimensional omics data are uploaded and transformed into interpretable components 
using PCA or WGCNA. Users can visualize component loadings, scores and scree plots to assess 

(a) (b) 
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variance distribution across components. Auxiliary data may be uploaded to provide custom 
visualizations attributing individuals’ characteristics to score color, size and shape. Pairing 
information for matched cases and controls can be provided as auxiliary data at this step and 
subsequently used for outcome associations in Step 3. 

Step 2. Associations with exposures 

Exposure data are uploaded and associated with component scores, optionally adjusting for 
confounders. For continuous exposures, correlation coefficients (Pearson, Spearman, or 
Kendall) are calculated. For categorical exposures, users may either apply one-hot encoding 
(converting categories to binary variables) or use linear models to regress components on 
categorical variables. Association strengths are quantified via analysis of variance (ANOVA) in the 
latter option and reported alongside p-values. Associations between exposures and components 
are visualized in 2D plots. 

Step 3. Associations with outcomes 

Outcomes are uploaded and associated with component scores, optionally adjusting for 
confounders, if provided in Step 3. Outcome associations are calculated differently depending 
on the outcome type (continuous, binary, or categorical (>2 classes)) and whether cases and 
controls are matched (Table 3). Associations between outcomes and components are visualized 
in 2D plots. 

Table 3. Statistical methods and R packages (in parenthesis) used for outcome-component 
associations in Step 3, stratified by outcome type and study design. 

Study design Outcome type 
Continuous Binary Categorical (>2 class) 

Cases and controls 
not matched 
 

Linear 
regression (glm) 

Logistic 
regression 
(glm) 

Using one-hot-encoding: 
Logistic regression (glm) 
Not using one-hot-encoding: 
Multinomial regression (nnet) 

Cases and controls 
matched 

Linear mixed 
model (lmer) 

Conditional 
logistic 
regression 
(survival) 

Using one-hot-encoding: 
Conditional logistic regression (survival) 
Not using one-hot-encoding: 
(Not implemented) 

 

Step 4. Meet-in-the-middle Triplot Visualization  

After uploading omics data in Step 1 and exposure and outcome data in Steps 2 and 3, omics 
components (loadings and optionally scores), exposure association estimates and outcome risk 
estimates (beta coefficients or odds ratios) can be co-visualized as three layers in a two-
dimensional plot. This integrated visualization, termed a "triplot," offers a global perspective on 
relationships between exposures, outcomes, and omics variables. Examples of triplots and their 
interpretations are elaborated below. 

Applying PCA and WGCNA to the omics data from the HealthyNordicDiet2 dataset, components 
1 and 2 associated with exposures (i.e., individual food items and dietary indices) and outcomes 
(i.e., BMI, BMI_cat, T2D). Omics variable loadings (black arrows), correlation coefficients (blue 
circles) and risk estimates (red squares) are co-visualized in triplots (Figure 15). Using PCA for 
data reduction (Figure 15a), component 1 (x-axis) showed stronger overall correlation with 
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individual food items and dietary indexes, but weaker associations with BMI and T2D. This 
suggests that the features dominating component 1 may reflect metabolite patterns influenced 
by diet, but with limited associations to metabolic regulation in relation to health outcomes. In 
contrast, component 2 (y-axis) demonstrated stronger associations with BMI and T2D as well as 
with specific unhealthy exposures (e.g., sausage consumption), suggesting that certain food 
choices may affect health, potentially mediated through metabolite patterns represented by 
loadings that contribute to component 2.  

Using WGCNA, a different perspective of data reduction is presented (Figure 15b). However, the 
overall associations remain consistent with PCA-derived trends (Figure 15a) although rotated 
counter-clockwise. This consistency underscores that both PCA and WGCNA can identify 
biologically relevant patterns for interpretations. 

Step 5. Mediation analysis and visualization  

Mediation analysis can be performed on user-specified exposures and outcomes using 
component scores as mediators. Covariates, if supplied in Steps 2-3 are automatically adjusted 
for in exposure-mediator and mediator-outcome associations, respectively. Both conventional 
and counterfactual mediation analyses are supported. In conventional mediation analysis, the 
product of coefficients approach is used to calculate the indirect effect. Counterfactual 
mediation analysis is performed using the mediation19 package. Treatment and control contrast 
values are required to be specified by users. In both methods, categorical outcomes with more 
than 2 classes are one-hot-encoded to binary outcomes.  

TriplotGUI reports several mediation estimates, including direct, indirect, and total effects, along 
with the proportion mediated and visualizes them as barplots, which highlights the direction and 
magnitude of effects. An example is demonstrated in Figure 16, using hamburger consumption 
as the exposure, BMI as the outcome and component 2 as the mediator. A significant positive 
indirect effect suggests that metabolite features represented by component 2 may mediate the 
association between hamburger consumption and increased BMI. This finding is consistent with 
the observed positive correlation between hamburger consumption and component 2, as well as 
the positive association of component 2 with higher BMI (Figure 15). The non-significant direct 
effect suggests that alternative molecular mechanisms either contribute minimally or cancel 
each other out.  

In addition to these five steps, TriplotGUI also provides users with two additional functionalities:   

Comparative visualization  

TriplotGUI provides heatmaps to summarize exposure/outcome associations with components 
and mediation estimates across all analyzed variables. These heatmaps help users identify 
components of interest for further investigation via triplots at Step 4 or mediation analysis at Step 
5 and prioritize these components and underlying omics variables for mechanistic explorations.  

Data download 

Data generated from the analysis pipeline, including association and mediation estimates, can 
be viewed and downloaded, allowing users to conduct further analyses. Additionally, a list object 
containing all relevant information passed through the steps is compiled into downloadable RDA 
formats, which is referred to as "TPObject" in TriplotGUI. This feature enables advanced R users 
to replicate results or perform additional analyses using this object. 



 

47
 

 Fi
gu

re
 1

5:
 V

is
ua

liz
at

io
n 

of
 tr

ip
lo

ts
 o

bt
ai

ne
d 

in
 S

te
p 

4 
of

 th
e 

Tr
ip

lo
tG

U
I t

oo
l. 

31
 o

m
ic

s 
va

ria
bl

es
 (b

la
ck

 a
rr

ow
s)

, 1
7 

ex
po

su
re

 v
ar

ia
bl

es
 (b

lu
e 

do
ts

) a
nd

 3
 

ou
tc

om
e 

va
ria

bl
es

 (r
ed

 s
qu

ar
es

) w
er

e 
us

ed
 fo

r t
he

 a
na

ly
si

s.
 R

ed
uc

tio
n 

of
 th

e 
om

ic
s 

da
ta

 w
as

 a
ch

ie
ve

d 
us

in
g 

ei
th

er
 (a

) P
C

A 
or

 (b
) W

G
C

N
A.

 U
si

ng
 P

C
A,

 
bo

th
 c

om
po

ne
nt

s 
sh

ow
 c

or
re

la
tio

ns
 w

ith
 e

xp
os

ur
e 

va
ria

bl
es

 w
hi

le
 c

om
po

ne
nt

 2
 a

ss
oc

ia
te

s 
m

or
e 

st
ro

ng
ly

 w
ith

 th
e 

ou
tc

om
es

. S
im

ila
r t

re
nd

s 
ca

n 
be

 
ob

se
rv

ed
 a

ls
o 

us
in

g 
W

G
C

N
A 

fo
r 

da
ta

 r
ed

uc
tio

n,
 a

lb
ei

t 
ro

ta
te

d 
co

un
te

r-
cl

oc
kw

is
e 

co
m

pa
re

d 
to

 t
he

 P
C

A.
 N

o 
co

va
ria

te
s 

an
d 

au
xi

lia
ry

 p
ai

rin
g 

in
fo

rm
at

io
n 

w
er

e 
us

ed
 to

 a
dj

us
t c

or
re

la
tio

n 
or

 ri
sk

 m
od

el
s.

 A
ll 

ot
he

r p
ar

am
et

er
s 

us
ed

 d
ef

au
lt 

se
tt

in
gs

. T
2D

, t
yp

e 
2 

di
ab

et
es

; B
M

I, 
bo

dy
 m

as
s 

in
de

x;
 

H
FI

, H
ea

lth
y 

Fo
od

 In
de

x;
 B

SD
S,

 B
al

tic
 S

ea
 D

ie
ta

ry
 S

co
re

; P
C

A,
 p

rin
ci

pa
l c

om
po

ne
nt

 a
na

ly
si

s;
 W

G
C

N
A,

 w
ei

gh
te

d 
co

rr
el

at
io

n 
ne

tw
or

k 
an

al
ys

is
.  

(b
) 

(a
) 



 

48 
 

Figure 16. Mediation analysis in TriplotGUI at Step 5. (a) Data analysis and visualization settings. 
Mediation analysis with the conventional (Baron-Kenny) method is performed for the selected 
exposures and outcomes. A specific exposure-component-outcome combination, i.e., 
Hamburger consumption - component 2 - BMI was selected for visualization. (b) Mediation 
barplot using hamburger consumption as the exposure, component 2 as the mediator and BMI 
as the outcome. The positive indirect effect is consistent with directions for the correlation 
between hamburger and component 2 as well as the association between component 2 and BMI. 
In contrast, the direct and total effects were not significant. Red represents a positive effect (p-
value < 0.05), cyan represents a negative effect (p-value < 0.05) and gray represents an effect with 
p>0.05. IE, indirect effect; DE, direct effect; TE, total effect; *, p value <0.05; **, p value <0.01; ***, 
p value <0.001.  

5.2.2 Usage 
TriplotGUI was developed in the R programming language and integrated with the Shiny package, 
providing a user-friendly interface for complex analysis pipelines. A detailed manual and use 

(a) 

(b) 
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cases are provided in an online tutorial available at 
[https://metabocomp.github.io/TriplotGUI_tutorial] (Figure 17), which includes step-by-step 
guidance for navigating the toolbox.  

TriplotGUI offers flexibility through two deployment options: a web application accessible at 
[https://metabocomp.shinyapps.io/triplotgui] and a standalone R package available for 
download from [https://github.com/MetaboComp/TriplotGUI. The standalone version ensures 
data confidentiality by enabling local execution without external server transfers. Detailed setup 
instructions are provided in the “Setup” section of the tutorial. 

TriplotGUI supports multiple formats for data input, but due to the diverse preprocessing 
requirements across different omics platforms and study designs, TriplotGUI does not include 
built-in preprocessing functionalities, such as missing value imputation, transformation, 
normalization, or outlier detection. Users should perform these steps independently or use 
existing tools345,346. Notably, missing values are not permitted in the omics data, which requires 
users to perform suitable imputations beforehand. For exposures, outcomes, and covariates, 
missing values are handled via complete case analysis by default.  

 

 
Figure 17. Online tutorial of TriplotGUI. A hexagon logo presents TriplotGUI as an R package. The 
screenshot is taken from the website created by Yan, Y (2024) under a CC BY-SA 4.0 license. 

5.2.3 Discussion   
The original triplot package provided a holistic framework for analyzing and visualizing 
relationships between exposures, omics data, and outcomes using a meet-in-the-middle 
approach. TriplotGUI extends this framework into a comprehensive molecular epidemiology 
toolbox that in addition to PCA incorporates WGCNA for data reduction and also integrates 
mediation analysis. The toolbox supports diverse data types, including continuous, binary, and 
multiclass categorical variables through tailored analytical strategies, such as linear mixed 
models for paired cases and controls and multinomial regression for categorical outcomes. 
Furthermore, its user-friendly interface automates complex workflows, thereby accelerating data 
analysis and reducing technical barriers for epidemiologists and data scientists while retaining 
flexibility for advanced users via direct customization of R functions. 

https://metabocomp.github.io/TriplotGUI_tutorial
https://metabocomp.shinyapps.io/triplotgui
https://github.com/MetaboComp/TriplotGUI
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TriplotGUI adopts a modular design for analysis and visualization, which facilitates future 
upgrades to meet evolving research needs as the field advances. For example, TriplotGUI can be 
expanded to include survival analysis for time-to-events outcomes, linear mixed-effects models 
for repeated measurements 347,348 and regularization techniques for multivariate modeling 349. As 
methods and package advance, TriplotGUI will incorporate a broader range of options for data 
reduction350, risk modeling and mediation analysis 351,352. 

It should be noted that TriplotGUI operates under the assumption that omics variables act as 
potential molecular mediators between exposures and outcomes, which may require biological 
validation. While omics features underlying components-of-interest may link exposures to 
outcomes through biological mechanisms, domain-specific knowledge in epidemiology is 
required for formulating research questions, defining exposures and outcomes and conducting 
meaningful biological interpretation. While TriplotGUI adjusts for confounders in exposure-
mediator and mediator-outcome associations, it does not address more complex confounding 
issues309 or effect modification353, which limits causal inference in scenarios with complex 
interactions. Additionally, the cross-sectional nature of many exposure-omics datasets may not 
reflect appropriate temporal relationships required for causal inference. A clear understanding of 
data collection procedures and potential directionality and temporality of exposure-omics 
associations is essential for accurately interpreting potential causal links. 
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6. Summary of findings - Cohort studies (Paper III, 
IV): 
This chapter presents the empirical applications of the developed methodologies, focusing on 
two cohort studies that investigate complex exposure-omics-disease relationships using the 
advanced analytical frameworks developed in this thesis. In Paper III, omics signatures linking 
POPs to cardiovascular disease are investigated through a meet-in-the-middle analysis within a 
nested case-control study design, utilizing the MUVR and Triplot analytical frameworks. Paper IV 
extends this approach by examining metabolite features that link diet, POPs, and gut microbiota 
to cardiovascular disease through both meet-in-the-middle and mediation analyses, employing 
a cross-cohort discovery and replication design and utilizing the developed MUVR2 and 
TriplotGUI tools. Together, these studies demonstrate the robustness and broad applicability of 
the developed methodologies for identifying molecular signatures that characterize complex 
exposure-disease relationships through metabolic perturbations. 

6.1 Persistent organic pollutants, omics and cardiovascular 
disease risk in Swedish women (Paper III) 
When investigating metabolic perturbations underlying POP-CVD associations, 7 proteins and 22 
metabolites were found to associate both with the OC component and the CVD outcomes (MI, 
stroke, composite CVD). Additionally, 12 metabolite features associated both with the PFAS 
component and the CVD outcomes, with none of them overlapping with the OC-related 
metabolites. No genetic polymorphisms associated with both exposures and outcomes. 

The OC- and CVD-related proteins and metabolite features included tissue plasminogen 
activator (tPA); urokinase-type plasminogen activator receptor (uPAR), growth differentiation 
factor 15 (GDF-15), osteoprotegerin (OPG), low-density lipoprotein receptor (LDL-receptor), 
fibroblast growth factor 21 (FGF-21), interleukin 6 (IL-6), carnitines, glycerophospholipids, mono-, 
di- and triglycerides and hydroxy docosahexaenoic acid and unknown metabolites features. The 
PFAS- and CVD-related metabolite features included glycerophospholipids, cortisone-3-
glucuronide, exogenous chemicals and unknown metabolites. The Triplot visualization of the 41 
features revealed two subpatterns (Figure 18). Subpattern 1 associated with an increased risk of 
MI and correlated positively with the OC component and BMI but negatively with the PFAS 
component. Subpattern 2 associated with increased risk of stroke and correlated positively with 
the OC component and age. 
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Figure 18. Triplot visualization of POP- and CVD-related omics features with exposure 
components (OC_C and PFAS_C), age, BMI and CVD outcomes. Each omics feature’s 
contribution to the components is represented by loadings (arrows). The components’ 
correlations with POP exposures, age and BMI (blue points) and the components’ associations 
with MI and stroke risks (red squares) are co-visualized. Features, exposures and outcomes 
pulling in the same direction are associated, whilst opposite directions indicate inverse 
associations. Correlations are unadjusted or adjusted for age, sample year, education, healthy 
diet score, and BMI (for OC_C). Associations are presented as odds ratios with 95% confidence 
intervals adjusted for age and sample year, education, family history of CVD, smoking status, 
physical activity, and healthy diet score. Cer, ceramide; DG, diacylglycerol; DHA, 
docosahexaenoic acid; FGF-21, fibroblast growth factor 21; GDF-15, growth differentiation factor 
15; GPL, glycerophospholipid; MI, myocardial infarction; OC_C, organochlorine compound 
component; PFAS_C, per- and poly-fluoroalkyl substance component; TG, triglyceride; tPA, 
tissue plasminogen activator; uPAR, urokinase-type plasminogen activator receptor. The figure is 
taken from Schillemans et al 202413  under a CC BY 4.0 license. 
 

Our results demonstrate an inverse association between PFAS and MI, while OCs were 
associated with increased risk of both MI and stroke. These findings are consistent with several 
previous studies that have reported either null or inverse associations for PFAS354–356 and positive 
associations between OCs and CVD risk factors and MI and stroke82,357,358. 

The subpatterns identified through triplot visualization, and the specific proteins and metabolite 
features underlying these patterns, provide additional mechanistic insights (Figure 19): 
Subpattern 1 is dominated by diglycerides, triglycerides, LDL-receptor, FGF-21, GDF-15, uPAR 
and tPA, suggesting the involvement of lipid metabolism pathways and inflammatory processes. 
PFAS exposure may activate PPARα, leading to lower triglyceride levels359 and reduced 
inflammation360; Alternatively, PFAS may upregulate phosphatidylcholine synthesis101, which 
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may be associated with lower MI risk361,362. In contrast, the positive association between OCs and 
MI through Subpattern 1 may involve endocrine disruption and activation of the aryl hydrocarbon 
receptor pathway, resulting in altered lipid metabolism and increased inflammation82. 
Additionally, the strong correlation between subpattern 1 and BMI may be attributed to the 
lipophilic nature of OCs, as their levels in the body can fluctuate based on adiposity, highlighting 
BMI as a potential important confounder in the OC-CVD association363. 

Subpattern 2 was characterized by carnitines and associated with stroke risk, showing positive 
correlations with both age and OC exposure. This subpattern may reflect mitochondrial 
dysfunction, incomplete fatty acid oxidation, and disruptions in carbohydrate and lipid 
metabolism 364. The strong correlation between this subpattern and age, and the observation that 
age attenuates the correlation between this subpattern and OC exposure, suggest the possibility 
of confounding by age. This is further supported by the fact that OC concentrations tend to 
increase with age, likely due to historical periods of higher emissions, longer cumulative 
exposure, and age-related changes in metabolism 365–367. 

 

Figure 19. Summary of associations between persistent organic pollutants, two omic patterns 
and cardiovascular outcomes. OCs, organochlorine compounds; PFAS, per- and polyfluoroalkyl 
substances. The figure is taken from Schillemans et al 202413  under a CC BY 4.0 license.  

6.2 Exposome, omics and cardiovascular disease risk in Nordic 
adults (Paper IV) 
Through cross-cohort discovery and validation, a total of 33 features related to cardiovascular 
outcomes were selected. Among these, 8 features associated with one or more exposure 
variables in the discovery cohort. Of particular interest, 4 features (pipecolate, ω-hydroxylauric 
acid, phosphatidyl-ethanolamine(P-16:0/22:6) and an unannotated metabolite referred to as 
Unk1) exhibited consistent associations with dietary and POP exposures in both discovery and 
replication cohorts (Figure 20). Notably, all 4 features were inversely associated with MI but 
showed no association with stroke. 
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Figure 20. (a) Partial Spearman correlations between dietary exposures and outcome-related 
metabolite features with p-value < 0.05 and coefficient |ρ| >0.2 in the SIMP-UC discovery cohort 
that could also be matched in the SIMP-VC replication cohort. (b) Partial Spearman correlations 
between persistent organic pollutants exposures and outcome-related metabolite features with 
p-value < 0.05 and coefficient |ρ| >0.2 in the SIMP-UC discovery cohort that could also be 
matched in the BioDiVa replication cohort. Subscript MI denotes that the metabolite feature 
associated with myocardial infarction. The grey color denotes that the correlation did not reach 
p < 0.05 in the replication cohort. PE(P-16:0/22:6), Phosphatidyl-ethanolamine(P-16:0/22:6). 
 
Among the annotated features, pipecolate showed consistent and positive correlations with the 
intake of Nuts/almonds, Apricots/other dry fruits and Ascorbic acid/vitamin C. ω-Hydroxylauric 
acid correlated positively with alcohol and red wine. The unannotated feature (Unk1) showed a 
consistent positive correlation with salmon consumption and ω-3-fatty acids, specifically 
docosapentaenoic acid C22:5, docosahexaenoic acid C22:6, and eicosapentaenoic acid C20:5 
(Figure 20a). In addition, PE(P-16:0/22:6) correlated positively with PFNA, PFDA and PFUnDA, and 
Unk1 associated positively with PCB118. Notably, in the SIMP-UC cohort, positive correlations 
were observed between several PFAS and Unk1, but these correlations were weak (|ρ| <0.1) in the 
BioDiVa cohort (Figure 20b). Only a single association involving microbiota features was 
identified in the SIMP-VC cohort: Hungatella hathewayi exhibited a negative correlation with 
another unannotated feature, Unk12, which in turn associated with an increased risk of stroke. 
However, since Unk12 could not be matched in the MAX cohort, replication of this finding was not 
feasible. 

To provide insights into potential causal associations, both counterfactual and conventional 
mediation analyses were performed in the SIMP-UC cohort on the 4 replicated exposure-
outcome-related features (Table 4). Mediation analysis in SIMP-UC supported a possible 
mediation for pipecolate between nuts/almonds, apricots/other dry fruit, ascorbic acid/vitamin 
C and MI. Mediation was supported for ω-hydroxylauric acid between red wine and MI in 
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counterfactual but not in conventional mediation analysis. Mediation was supported for Unk1 
between both salmon and docosahexaenoic acid C22:6 with MI. Furthermore, mediation was not 
supported for PE(P-16:0/22:6) between PFNA, PFDA, PFUnDA and MI. The results obtained from 
the two mediation approaches were largely consistent, indicating robustness of the identified 
mediation effects. Inconsistencies in the mediation results for ω-hydroxylauric acid could stem 
e.g., from modelling artifacts, casting doubt on the biological relevance of the association. 

Table 4. Counterfactual and conventional mediation analysis results for exposure-outcome-
related metabolite features with their associated exposures and outcomes in SIMP-UC. ↑ and ↓ 
indicate whether the mediators and outcomes increase or decrease with increased exposures. If 
the indirect effect of a mediation analysis has a p-value<0.05, the mediation effect is labeled as 
positive or negative based on the effect direction. - represents no discernible mediation effect. 

Exposure Potential mediator Outcome Conventional 
mediation effect 

Counterfactual 
mediation 

effect 
Nuts/almonds pipecolate ↑ MI ↓ negative negative 
Apricots/other 
dry fruit 

pipecolate ↑ MI ↓ negative negative 

Ascorbic 
acid/vitamin C 

pipecolate ↑ MI ↓ negative negative 

Red wine ω-hydroxylauric acid ↑ MI ↓ - negative 
Alcohol ω-hydroxylauric acid ↑ MI ↓ - - 
Salmon Unk1 ↑ MI ↓ negative negative 
Eicosapentaenoic 
acid C20:5 

Unk1 ↑ MI ↓ negative - 

Docosapentaenoic 
acid C22:5  

Unk1 ↑ MI ↓ negative - 

Docosahexaenoic 
acid C22:6 

Unk1 ↑ MI ↓ negative negative 

PCB118 Unk1 ↑ MI ↓ - - 
PFNA PE(P-16:0/22:6) ↑ MI ↓ - - 
PFDA PE(P-16:0/22:6) ↑ MI ↓ - - 
PFUnDA PE(P-16:0/22:6) ↑ MI ↓ - - 

 

Mechanistic investigations were undertaken for pipecolate, ω-hydroxylauric acid, PE(P-16:0/22:6) 
and Unk1. Pipecolate, derived from dietary sources including dried fruits and plant-based food368, 
demonstrated an inverse association with MI. This protective effect may occur through its 
contribution to the biosynthesis of rapamycin 369,370, which exerts anti-aging effects through the 
inhibition of the mammalian target of rapamycin (mTOR) 371. ω-Hydroxylauric acid also had an 
inverse association with MI, possibly through its role in myocardial energy metabolism under 
hypoxic conditions 372, although its correlation with red wine and alcohol has not been previously 
reported. Unk1, which correlated with salmon and ω-3-fatty acids and was inversely associated 
with MI, may act as a mediator of the cardioprotective effects of ω-3-fatty acids 373–375. PE(P-
16:6/22:6) associated inversely with MI, possibly though mechanisms involving 
phosphatidylcholine synthesis that supports membrane stability and exerts anti-inflammatory 

effects376. However, mediation analysis showed that its correlation with PFAS may reflect 
confounding rather than a direct causal relationship. Additional mediation analysis highlights 
that PE(P-16:0/22:6) may instead mediate the association of salmon and ω-3-fatty acids with MI 
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risk, suggesting that the observed cardioprotective effect is primarily attributable to the 
beneficial nutrients from salmon, while PFAS likely present as a co-exposure resulting from 
salmon consumption. 

In triplot visualization of the 33 replicated outcome-related features, only component 3 exhibited 
correlations with salmon, ω-3 fatty acids and PFAS (|ρ|>0.2) and associated inversely with MI 
(Figure 21). Similar to the analysis using individual metabolite features as mediators, 
counterfactual mediation analysis also indicated that component 3 may mediate the association 
between salmon, ω-3 fatty acids and MI. However, component 3 did not appear to mediate the 
PFAS-MI association.  

Figure 21. Triplot visualization of the 33 replicated outcome-related metabolite features with 
exposures and outcomes in SIMP-UC. Principal component analysis (n=4, varimax rotation) was 
performed on the features. Metabolite loadings (black arrows) are co-visualized with Spearman 
correlation of component scores with food items (blue dots), nutrients (dark green points), PFAS 
(brown points) and component associations with MI and stroke risks (red squares). Confounder 
adjustment for the different analyses is presented in Paper VI. Correlations are presented as 
coefficients and associations are presented as odds ratio with 95% confidence intervals. 
Features, exposures and outcomes pulling in the same direction are associated, whilst opposite 
directions indicate inverse associations. The triplot shows components 1 and 3 on the x and y 
axes. OCs, organochlorine compounds; PFAS, per- and polyfluoroalkyl substances. 
 
Additionally, in triplot visualization of the 8 replicated outcome-related features that also 
associated with exposures in the SIMP-UC discovery cohort, several mediations were supported: 
Component 2 showed indirect effects linking salmon, ω-3-fatty acids, red wine and alcohol with 
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MI; Component 4 showed indirect effects linking nut/almonds, apricots/other dried fruit, 
ascorbic acid/vitamin C, salmon, red wine and alcohol to MI. Components 1 and 3 showed 
indirect effects between nut/almonds and MI. Importantly, mediation was not supported 
between POPs (OCs and PFAS) and MI through any of the components (Figure 22). 

Component 3 was primarily dominated by the stroke-related Unk12 while component 4 was 
characterized by pipecolate originating from dietary sources. Metabolite features pulling in the 
direction of components 1 and 2 seemingly represent an MI-related pattern. These metabolites 
may reflect a metabolic pattern linking salmon intake, ω-3 fatty acids level, red wine and alcohol 
to reduced MI risk. 

The triplot visualizations revealed distinct metabolite patterns associated with MI: Pipecolate, 
despite its inverse association with MI, did not appear to coincide with the main MI-related 
metabolic pattern. This effectively suggests multiple exposure-related molecular mechanisms 
relevant to MI risk and that pipecolate may reflect a different perturbation compared to the group 
of metabolites that showed similar loading pattern, indicating evidence of concerted 
perturbations. Notably, while PE(P-16:0/22:6) contributed to the MI-related metabolic pattern, 
mediation of PFAS-MI association was neither supported through PE(P-16:0/22:6) nor the MI-
related metabolic pattern. This suggests that the observed correlation between PFAS and PE(P-
16:6/22:6) likely stems from confounding rather than a direct causal relationship. Post-hoc 
mediation analysis instead supported the role of PE(P-16:0/22:6) as a potential mediator of 
salmon intake and ω-3 fatty acids with MI risk. These findings highlight the importance of 
distinguishing between biomarkers driven by common exposure pathways and those reflecting 
direct mechanistic links. 
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7. General discussion 
The methodological development and cohort studies presented in this thesis were designed to 
investigate how combined exposures influence metabolic health through omics approaches. In 
Paper III, the MUVR algorithm was employed for feature selection, while the triplot tool facilitated 
visualization and interpretation. With the subsequent development of MUVR2 (Paper I) and 
TriplotGUI (Paper II), these tools became instrumental to the analytical procedures in Paper IV.  

Although MUVR2 and TriplotGUI are independent tools applicable to omics research, their 
functions are highly complementary. Omics data typically consist of thousands of features, many 
of which may correlate, introduce noise or be irrelevant to the exposure or outcome of interest. 
MUVR2 is particularly effective at narrowing down these vast datasets to a focused set of features 
of interest. These selected features can then be further analyzed and visualized using TriplotGUI, 
which condenses their information through data reduction techniques and relates them to 
exposures and/or outcomes. In essence, MUVR2 serves as a discovery tool for identifying 
meaningful information, while TriplotGUI excels at summarizing and visualizing this information.  

In cohort studies, Paper III focused on the associations between POP components (two 
exposures) with MI, stroke and composite CVD (three outcomes) through genetics, proteomics 
and metabolomics as potential effect modifiers or mediators within a nested case-control design. 
In contrast, Paper IV expanded the investigation to encompass more complex exposures, 
including diet, POPs and gut microbiota (multiple exposure variables) and their associations with 
MI and stroke (two outcomes) specifically through metabolomics under the hypothesis of 
mediation. The study in Paper IV also adopted a nested case-control design but incorporated a 
cross-cohort discovery and replication approach, made possible by the recent availability of 
metabolomics and gut microbiota data in SIMP-VC. The approaches applied in Papers III and IV 
are similar yet with important distinctions: Paper III represents an exposure-centric approach 
(downstream from exposure to outcome), investigating how POPs may affect metabolic patterns 
that in turn may explain the mechanisms underlying CVD risks. On the other hand, Paper IV 
represents an outcome-centric approach (upstream from outcome to exposure), investigating 
how MI- and stroke-related metabolite features relate to exposures and potentially mediate 
exposure-outcome associations. 

Paper III identified metabolic patterns linking OCs and PFAS to MI and stroke and investigated 
possible mechanisms: One subpattern associated with disrupted lipid and inflammatory 
pathways, elevated OCs, lower PFAS and higher risk of MI; The other subpattern related to 
carnitines and possible mitochondrial dysfunction and associated with OCs and stroke. In Paper 
IV, specific metabolite features were discovered that linked the exposome to CVD outcomes and 
mediation analysis was used to further probe causal relationships: Pipecolate from nuts and 
dried fruits appeared to reduce MI risk, possibly through the mTOR pathway and anti-
inflammatory mechanisms. PE(P-16:0/22:6) associated with lower MI risk and PFAS exposure. 
However, mediation analysis did not support a causal association, instead indicating that salmon 
intake is the primary exposure underlying the observed PE-MI association, with PFAS exposure 
likely occurring concurrently as a result of salmon consumption. 

Both Papers III and IV discovered inverse associations between PFAS and MI, through metabolic 
patterns or individual metabolite features. While Paper III explored possible mechanisms using 
meet-in-the-middle analysis, Paper IV provided further evidence from mediation analysis that 
the association is likely not directly causal, but possibly confounded by shared dietary sources, 
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particularly salmon. Additionally, Paper III relied on data from a single cohort and identified 
several omics features linking POPs to CVDs. However, the cross-cohort discovery and 
replication approach applied in Paper IV revealed that only a minority of the exposure-
metabolite-outcome associations discovered in single cohorts could be consistently reproduced. 
The results from this thesis thus strongly support the notion that cross-cohort validation 
represents a critical methodological necessity and replication should be an absolute 
requirement for exploring exposure-omics-outcome associations in molecular epidemiology. 

As shown in this thesis, the integration of omics approaches in epidemiological research, 
combined with the development of specialized methodological tools, offers substantial potential 
for elucidating metabolic perturbations underlying exposure-outcome associations. However, 
the complexity inherent in exposures and high-dimensional omics data necessitates rigorous 
attention to study design and interpretation. The following discussion addresses key 
considerations relevant in particular to epidemiological methodology, POP exposures, and the 
application of omics technologies. 

Epidemiological considerations 

Causal assumptions and reverse causation: A central causal assumption in this thesis, and in the 
entire triplot/TriplotGUI methodology, is that omics features or patterns act as molecular 
intermediates linking exposures to outcomes (Paper II, III and IV). While this assumption is less 
emphasized in the meet-in-the-middle analysis, it is methodologically encoded in the mediation 
analysis framework. However, this assumption can be challenged e.g., by reverse causation. For 
instance, host metabolites, such as bile acid, may modulate microbial gene expression upon 
reaching the gut377. Additionally, changes in protein and metabolite concentrations may reflect 
disease symptoms rather than underlying pathway alterations.  

Moreover, the cross-sectional nature of exposure and omics assessment in Papers III and IV 
further complicates causal interpretation since temporal precedence is not established. 
TriplotGUI is also currently designed for cross-sectional associations between exposures and 
omics rather than prospective analyses (Paper II). However, in the cohort studies, although 
exposure information and blood samples were collected simultaneously, we assume that the 
information reflects past exposures, such as long-term dietary habits, accumulated POP levels, 
or stable gut microbiota composition. Nevertheless, even if the assumption of omics acting as 
intermediates holds, the associations observed in our studies cannot be interpreted as evidence 
of causality. These limitations represent a fundamental constraint in observational epidemiology, 
necessitating careful interpretation of mediation analyses and explicit acknowledgment of 
assumptions. To further establish causal relationships, other confirmatory studies are necessary, 
as well as mechanistic studies to further elucidate and establish the pathways underlying these 
associations. 

Covariate adjustment: In the statistical analysis, both cohort studies began by filtering out a large 
bulk of apparently irrelevant features using machine learning. In Paper III, while the MUVR 
algorithm can select features relevant to POPs, these associations might be confounded, which 
the employed RF procedure cannot accurately address. A partial correlation was therefore 
conducted to adjust for potential confounders. However, this univariate approach fails to 
evaluate features jointly and does not account for collinearity or the joint effects of multiple 
variables. With the development of MUVR2, covariate adjustment was integrated through elastic 
net modeling. While this streamlined the analytical process in Paper IV, enabling simultaneous 
variable selection and covariate adjustment in linear models, this approach remains limited by 
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its assumptions of linearity and of Gaussian distributions. Further methodological development 
is therefore needed for flexible, non-linear frameworks, capable of confounder adjustment and 
applicable for holistic analysis of high-dimensional omics data. 

While tailored covariate adjustment can improve the validity of estimated associations, a more 
conservative set of potential covariates was selected for adjustment in Paper IV compared to 
Paper III, for three primary reasons: (1) Avoiding overadjustment and risks of controlling for 
colliders or potential mediators. (2) By selecting a limited set of covariates, we achieved 
consistent analyses for all exposures investigated in Paper IV, thereby enhancing comparability. 
(3) Some variables, although potential confounders, were treated as exposures in our study and 
thus were not adjusted for. However, the conservative covariate adjustment may also lead to 
residual confounding, potentially biasing estimates or obscuring true associations. For instance, 
diet can serve as a source of POPs through the consumption of contaminated foods, particularly 
fish and meat, and also affects metabolite levels in blood. As a result, diet could introduce 
spurious associations between POPs and metabolite features. This underscores the need for 
careful study design and sensitivity analysis in future work. 

Matching: While both Papers III and IV employed nested case-control designs to minimize 
selection and information bias, their approaches for selecting controls differed, with important 
implications for our findings. In Paper III, cases and controls were matched on age and sample 
date to control confounding. However, this may also carry the risk of overmatching, where the 
control group is artificially made to be so similar to cases that it no longer accurately represents 
the underlying reference population. Consequently, the effect estimates are potentially biased 
towards the null, thereby hindering the detection of true associations. In contrast, Paper IV 
employed random matching with repeated down sampling to create balanced groups for ML 
analysis. Although this approach may be less effective at reducing bias by design, it reduces 
stochastic variability and may yield a more representative control group. This trade-off highlights 
the importance of carefully considering the study context to achieve an appropriate balance 
between confounder control, bias reduction, and generalizability when selecting matching and 
sampling strategies for nested case-control studies. 

Multiple testing: Notably, neither Paper III nor Paper IV applied adjustments for multiple 
comparisons when interpreting p-values, for the following reasons: (1) Both studies were 
exploratory, using p-values to filter relevant features for hypothesis generation rather than formal 
hypothesis testing. (2) Machine learning algorithms were applied to all features simultaneously 
to select the best predictors, rather than testing each feature individually. (3) Several exposures 
and metabolite features were correlated and thus not entirely independent. (4) Perhaps most 
importantly, the number of selected features differed in relation to exposure (Paper III), to 
outcome (Paper IV) and to discovery cohort (Paper IV), which would have led to inconsistent 
penalization of p-values when applying multiple testing adjustments. However, not adjusting for 
multiple comparisons requires careful considerations, since it may increase the risk of false 
discoveries, particularly given the high-dimensional nature of omics data. In Paper III, we 
performed permutation tests to assess model performance. In addition, in Paper IV we mitigated 
the risk of false positives by seeking replication of findings across multiple independent cohorts, 
Together, these strategies reduced the likelihood that our findings were driven by chance, 
enhancing the reliability of the results in the context of high-dimensional omics analyses. 

External validity: Finally, both Papers III and IV focused on older Nordic populations, with Paper 
III specifically examining Swedish women exclusively. Even assuming no systematic differences 
between participants and non-participants, effect modification by age and sex may limit the 
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generalizability of our results to the broader Nordic population. Additionally, our findings may not 
be generalizable to other ethnic or geographic groups. This limitation in population diversity 
represents a significant constraint on the broader applicability of findings, particularly given 
known differences in metabolism, dietary patterns, and pollutant exposure profiles across 
populations. 

Exposure considerations 

Whereas Paper III aggregated POPs into PCA-derived components representing OC and PFAS 
subpatterns, Paper IV analyzed individual POPs to capture all potential exposure-metabolite 
associations. This highlights a fundamental tradeoff: Aggregating exposures can reveal 
synergistic, pattern-level effects of co-occurring contaminants, which may better reflect 
cumulative and real-world exposure scenarios; Analysis at the individual compound level allows 
for identifying specific biological effects posed by particular contaminants, enabling direct 
interpretation. Integrating individual and aggregated exposure analysis may be necessary to fully 
elucidate the health impact of POPs. In future research, data reduction techniques could be 
applied to different exposure groups to capture shared variance, or clustering methods or 
network analysis could be used to detect communities of related exposures  378–380. Approaches 
such as mixture analysis and the development of polyexposure scores (similar to polygenic risk 
scores381) could help quantify the cumulative biological impact of exposure mixtures and enable 
dose-response analyses for complex exposomes382. 

BMI was adjusted for in relation to OCs in Papers III and IV, given that BMI is associated with CVD 
and OC levels in blood may fluctuate based on BMI. However, managing lipophilic contaminants 
in relation to lipids when assessing health outcomes remains controversial. Elevated blood lipids 
are associated with CVD risk383 and individuals with higher blood lipid concentrations tend to 
have proportionally higher levels of lipophilic OCs in their circulation384. For this reason, the total 
lipid level may serve as a confounder to be adjusted for, as in Paper IV 384. However, POPs may 
also increase blood lipids, which would place lipids in the causal pathway between POPs and 
CVD and therefore adjustment should be avoided, as in Paper III384. To investigate these different 
perspectives further, we conducted a sensitivity analysis in Paper IV without adjusting for lipid 
levels and found that the results remained largely unchanged. This suggests that within our study 
population, the potential bias introduced by either lipid adjustment strategy was minimal.  

Omics considerations 

In Paper III, proteins and metabolites were selected over genetic polymorphisms relating POPs 
to CVD. This raises important considerations regarding both biological relevance and 
methodological design: Proteins and metabolites have inherently closer proximity to phenotypic 
expression, which may result in stronger signal-to-noise ratios in predicting POPs. On the other 
hand, the lack of genetic contributions in our findings may be influenced by analytical choices: 
The use of single-block data integration385, where all omics layers are concatenated into a single 
predictor matrix, may not adequately account for the distinct scales and distributions in PLS and 
EN analyses, as well as biological roles of genetic, proteomic, and metabolomic data. 
Furthermore, limitations in sample size or ML methods may also have constrained the ability to 
detect associations involving genetic polymorphisms. Future research may benefit from a deeper 
investigation of the genetic contributions to POPs-CVD associations, employing other multi-
omics integration strategies, such as multi-block or network-based methods385.  
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While the multi-cohort discovery and replication in Paper IV is arguably one of the greatest 
strengths in this thesis, replication was severely hindered by technical variability: A significant 
proportion of metabolite features discovered could not be matched in other cohorts, highlighting 
the non-stable nature of untargeted LC-MS analysis. Metabolite annotation represents another 
bottleneck. Standardized protocols, expanded reference libraries and improved annotation 
protocols (including algorithms) are critical to address these challenges to enhance the potential 
for replication and annotation. 

  



 

64 
 

  



 

65 
 

8. Conclusions 
This thesis presents novel advanced tools for omics data analysis and investigates molecular 
associations linking diet, persistent organic pollutants, and microbiota to cardiovascular 
outcomes. The thesis comprises four papers, progressing from methodological development 
(Papers I and II) to cross-cohort applications (Papers III and IV), reflecting the four objectives:  

MUVR2 facilitates the selection of omics variables that contribute to the prediction of specific 
exposures or outcomes and demonstrates state-of-the-art performance while minimizing 
overfitting. Through the incorporation of elastic net modeling, MUVR2 also supports covariate 
adjustment. In addition, it provides a framework for assessing prediction performance and 
overfitting (Paper I).  

The TriplotGUI toolbox provides advanced yet accessible analysis of metabolic perturbations 
linking exposures to outcomes. This is achieved through data reduction, meet-in-the-middle and 
mediation analyses, providing visualization and interpretation capabilities for molecular 
epidemiology (Paper II).  

In a cohort of older Swedish women, we identified two distinct molecular patterns of proteins and 
metabolites that link POPs to CVD risk. The first pattern represented perturbed lipid metabolism 
and inflammation and linked higher OC and lower PFAS levels to increased MI risk. The second 
pattern represented carnitines and mitochondrial dysfunction and linked higher OC levels to 
increased stroke risk. These findings imply that OCs and PFAS associate with distinct omics 
signatures that may exert opposing effects on CVD risk. However, the observed associations may 
be influenced by additional factors such as age, adiposity, or co-exposures, underscoring the 
need for further research to clarify the interplay between POPs, metabolic perturbations and 
cardiovascular outcomes (Paper III). 

In an ambitious multi-cohort discovery and replication scheme, we identified specific 
metabolites that link complex exposures to CVD risk. Pipecolate from nuts and dried fruit may 
reduce MI risk, possibly through the mTOR pathway and anti-inflammatory mechanisms. Salmon 
intake and ω-3 fatty acids were inversely associated with MI, possibly through PE(P-16:0/22:6) 
and an unknown metabolite mediating the cardioprotective effect. Additionally, although it 
remains to be elucidated, associations were observed for ω-hydroxylauric acid with both red 
wine and reduced MI risk. In contrast to Paper III, PFAS was not associated with reduced MI risk, 
likely related both to the stringent replication limiting false discovery, and the more advanced 
analytical approach employing mediation analysis. Only a limited number of exposure-
metabolite-outcome associations could be fully reproduced, stressing the importance of 
replication for generalized conclusions (Paper IV). 

In summary, this thesis advances the field of molecular epidemiology by providing robust, 
accessible tools: MUVR2 for unbiased variable selection and covariate adjustment, and 
TriplotGUI for intuitive visualization and interpretation of complex exposure-omics-outcome 
relationships. Their application in large-scale cohort studies highlighted the molecular support 
for the contribution of OCs to CVD risk and for certain healthy foods to reduced MI risk. 
Importantly, our findings revealed that many associations observed in single cohorts may not be 
replicated across populations, necessitating stringent methodology and thorough replication to 
ensure robust findings.  
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9. Future perspectives 
This thesis provides a steppingstone in the development towards robust tools and analytical 
frameworks to link exposures to outcomes through metabolic perturbations. However, 
substantial methodological and empirical advances remain necessary. This chapter outlines 
future directions to refine the developed tools. 

Computational scalability and performance optimization: Both tools face scalability challenges 
with large datasets. MUVR2 often requires high-performance computing environments, 
especially for the larger datasets investigated in epidemiological settings, while the graphical 
interface of TriplotGUI may exhibit slow responsiveness as the dimensionality of the input data 
increases. Future development could address these issues by refactoring code for enhanced 
memory management, implementing core functions in compiled languages like C++ and GPU 
processing for increased speed344.  

Temporal modeling: While MUVR2 can select predictors for a prospective outcome, the tool lacks 
support for time-to-event outcomes, which are critical for longitudinal studies. Implementing 
random survival forest386 and penalized Cox regression model387 within MUVR2’s framework 
would enable survival analysis with high-dimensional predictors.  

In addition, TriploGUI uses correlation analysis to evaluate exposure-mediator association cross-
sectionally. Future updates should introduce linear models that can better account for temporal 
order. Additionally, it could be expanded to accommodate survival analysis for both exposure-
omics and omics-outcome associations, better aligning with mediation frameworks for survival 
data. 

Enhanced functionality and method integration: The MUVR2 algorithm could be expanded by 
incorporating additional machine learning methods, while TriplotGUI could include more data 
reduction techniques and mediation analysis approaches (e.g., involving time-varying exposures 
or multiple mediators388–390), as well as sensitivity analysis to test mediation assumptions. 
However, balancing advanced options with usability remains paramount to avoid overwhelming 
non-technical users. 

Validation and benchmarking: MUVR2 and TriplotGUI have primarily been applied to omics data 
and health-related exposures and outcomes. Future research could explore their use with other 
types of data and domains, such as linking policy to health outcomes through omics-based 
mediators. Additionally, benchmarking MUVR2 and TriplotGUI’s core functionalities against 
established frameworks (e.g., tidyomics ecosystem391, Qlucore Omics Explorer392) is essential to 
validate versatility and robustness. 
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