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 The biological complexity of wellbeing is studied from various perspectives, including genetics and 
epigenetics. However, there is a knowledge gap concerning other layers, such as metabolomics, which 
is dynamic and changes throughout life. This study explores the association between metabolites and 
wellbeing in a sample (N = 4748) drawn from the Netherlands Twin Register. A latent factor score for 
wellbeing was constructed based on: Quality of Life, Life Satisfaction, and Subjective Happiness. A 
total of 231 blood metabolites were analyzed using 1HNMR technique. Linear regression models were 
performed for each metabolite, while correcting for family clustering, relevant covariates, and multiple 
testing. None of the metabolites were significantly associated with wellbeing after multiple testing 
correction. Despite the lack of significant findings, the 34 metabolites with the lowest p-value (0.25) 
pointed to the same metabolic pathway: endogenous lipid metabolism. This pathway has previously 
been linked to wellbeing in a GWAS and associated with related phenotypes in other metabolomic 
studies. In conclusion, this study confirms the biological complexity of wellbeing and speculates on a 
potential role of lipids. Further research is needed to confirm these hypotheses.

Wellbeing (WB) is defined by the World Health Organization as a positive state experienced by individuals 
and societies, determined by social, economic, and environmental factors1. In light of major demographic 
trends (e.g. aging populations, increasing longevity, decreasing birth rates, increasing inequality, and unforeseen 
pandemics), building and maintaining WB is one of the most important societal challenges. People who 
feel well, function better, are less susceptible to mental illness, and thus are better able to retain competitive 
advantage and expand human potential2–8. Different conceptualizations of wellbeing exist, the most common 
distinction is between subjective wellbeing (SWB) and psychological wellbeing (PWB), also known as hedonic 
and eudaimonic wellbeing, respectively9–11. Correlations between these (latent) SWB and PWB factors are often 
so high that it is difficult to distinguish between them (∼ 0.60–0.9010,12–14). The current study focuses, due to data 
availability, on SWB, defined as the cognitive and affective evaluation of one’s life. In this paper, for readability 
purposes, we refer to SWB as wellbeing (WB).

WB is a complex phenotype influenced by various factors, including biological factors, such as genetic 
and epigenetic mechanisms15. Some of these biological factors—referred to as omics layers—are very stable 
across life, such as the genome. Previous studies have highlighted the significant role of genomics in WB. For 
instance, a Genome-Wide Association Study identified 304 significant independent SNPs associated with WB16, 
demonstrating the genetic underpinnings of this trait. Additionally, a polygenic score for WB, assessed by 
Baselmans et al. (2019), explained between 0.62% and 0.76% of the variance observed in WB17. Such findings 
provide valuable insights into the biological complexity underlying WB and emphasize the potential of molecular 
studies to deepen our understanding of this trait.

Other omics layers are subjective to changes by the environment or other conditions, e.g. epigenomics, 
transcriptomics, or metabolomics. The role of epigenomics in WB has also been studied. An Epigenome-
Wide Association Study for WB reported also two significant sites after Bonferonni correction18. Given these 
differences in characteristics, each omics layer can provide unique information about a trait of interest. For 
example, the metabolome that summarizes a given metabolic state of the body19. Metabolites are molecules 
involved in or produced by biological processes, including digestion and other biochemical reactions19 and 
the fact they are dynamic offers an interesting target for biological studies, intervention, and facilitating the 
implementation of more personalized medicine approaches20,21.
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Knowledge about the influence of omics layers beyond genomics or epigenomics on WB is currently lacking. 
A potential positive association between the neurotransmitter serotonin and WB (i.e., hedonic wellbeing) was 
revealed in a systematic review, but evidence on the role of other small molecules—including metabolites—was 
inconclusive22. In addition, the precise interactions among these metabolites within the context of WB are not 
well understood and require further investigation.

Although metabolomics studies on wellbeing are lacking, Radler et al.23 investigated the relationship 
between three types of lipids and psychological wellbeing—a construct related but not synonymous to subjective 
wellbeing, which is the focus of the current paper. Over a follow-up period of 9–10 years, persistently high levels 
of psychological wellbeing were associated with elevated HDL cholesterol and reduced triglyceride levels23.

Despite the absence of metabolomics studies for WB, interesting results have been observed in related 
phenotypes such as perceived stress and mental health. Noerman et al. showed associations between 
phosphatidylcholines and several parameters indicating stress, and found changes in a group labelled as 
“unknown class of lipids” over time to be correlated with physiological and psychological markers of stress24. Jia 
et al. studied individuals with high and low depression and assessed cognitive skills and serum lipid profile (total 
cholesterol, triglycerides, HDL cholesterol, and LDL cholesterol)25. In the low depression group, they found 
that the lower the LDL levels, the higher the cognitive scores. This may indicate that LDL could negatively affect 
cognitive skills, at least for individuals with low depressive symptoms. In addition, Bot et al.26 also reveals a 
distinct profile of circulating lipid metabolites linked to depression in a large-scale meta-analysis.

A related phenotype that has also been studied in metabolomics studies is Type D (Distressed) personality, 
characterized by negative affectivity (NA) and social inhibition. Li-Gao et al.27 explored the associations between 
metabolite profiles and these personality traits in four Dutch cohorts. There were no substantial alterations 
in lipid metabolism linked to these traits27 although their findings suggest that some metabolite biomarkers 
showed tentative associations with Type D personality and NA. In general, effect sizes were small.

Summarizing, the aforementioned studies of Noerman et al.24, Jia et al.25 and Bot et al.26 combined with 
the meta-analysis results from de Vries et al.22 suggest that studying the association between metabolites in 
the context of wellbeing is of interest to better understand the interplay between metabolite concentrations 
and differences in WB. Therefore, we aim to test whether metabolites are associated with WB to increase our 
understanding of their biological interpretation concerning WB.

Materials and methods
This study was preregistered at the Open science framework platform (https://osf.io/4s2mu/).

Participants
Participants included in this study are part of the Netherlands Twin Register (NTR), a population-based national 
register of twins and their families with extensive data collection on, amongst other things, mental health, 
personality, lifestyle, and demographics28—proven to be representative of the Dutch population29. Participants 
have been recruited since 1986, after which questionnaires have been collected every 2–3 years. In addition 
to questionnaires, biological samples were collected between 2004 and 2010. The questionnaires, biological 
sampling, processing, and storage are described in previously published work28,30. In this study, we utilized 
surveys 6 (2006–2007), 8 (2009–2010), 10 (2013–2014), and 14 (2019–2020) to select a wellbeing measure 
optimally linked to the biological sample collection.

The data used in this study were obtained from the NTR after meeting the requirements posited by the 
NTR Data Management and the NTR Data Sharing Committee and obtaining their permission. All procedures 
performed in studies involving human participants were in accordance with the ethical standards of the 
institutional and/or national research committee and with the 1964 Helsinki Declaration. Data collection was 
approved by the Central Ethics Committee on Research Involving Human Subjects of the University Medical 
Centers Amsterdam. Informed consent was obtained from all individual participants included in the study.

A sub-sample from the NTR biobank (N = 4748) was selected with available metabolomics and wellbeing 
data. Note that in the pre-registration there were 5398 individuals with metabolomic data. When the data was 
inspected, 650 individuals had missing data for all the metabolites and therefore they were excluded. The mean 
survey age was 40.6 [standard deviation (SD) 14.0, range 14–82 years], for 18 participants age was missing. The 
mean biological data age was 40.6 [standard deviation (SD) 13.6, range 18–79 years]. The ratio of men/women 
was 1536 (32%) /3210 (68%); 2 individuals did not report their sex.

Measures
Wellbeing
Wellbeing was assessed as a continuous trait with three measures, i.e. Quality of Life with the Cantril Ladder 
(QoL31), the Satisfaction With Life Scale (SWLS32), and the Subjective Happiness Scale (SHS33). Quality of Life 
was assessed with the Cantril Ladder, which requires participants to indicate the step of the ladder at which they 
place their lives in general on a 10-point scale (10 being the best possible life, and 1 the worst possible life)31. The 
SWLS consists of five items answered on a seven-point scale ranging from 1=“strongly disagree” to 7=“strongly 
agree”32. An example item is: “I am satisfied with my life”. The SHS consists of four items which rated on a seven-
point scale ranging from 1=“strongly disagree” to 7=“strongly agree”33. An example item is “On the whole I am 
a happy person”.

The different wellbeing measures were used in various surveys. QoL was part of survey 8, 10 and 14, SWLS 
was part of all surveys, while SHS was part of surveys 6, 8, 14. For SWLS and SHS the items—5 items for SWLS, 4 
for SHS—were summed to arrive at a sum score for each measure. Where necessary, inversion of item scores was 
done to ensure that for each variable a higher score indicated higher wellbeing levels. The sum scores for QoL, 
SWLS and SHS were first transformed into Z-scores to avoid scaling issues when creating the latent factor score. 
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Reliability (internal consistency) coefficients were adequate to high, for the SHS ranging from 0.76 (survey 8) 
to 0.89 (survey 14) and for the SWLS ranging from 0.86 (survey 6) to 0.88 (survey 8). For the single QoL items, 
reliability was assessed through test-retest correlations for those with longitudinal information. Correlations 
were 0.46 (between survey 8 and 10 and between survey 8 and 14) and 0.55 (between survey 10 and 14), in line 
with typical stability coefficients found34.

Previous studies have demonstrated the validity of this latent factor score. It has been used to investigate 
associations between wellbeing in a multi-omics study, including the genome, epigenome, and exposome, using 
machine learning approaches35. Additionally, it has been considered to differentiate wellbeing from depressive 
symptoms36. Furthermore, it has been proposed as a more suitable alternative in a study by Baselmans et al.37, 
that did not adopt its use.

In each wave, a single factor score for wellbeing was built on all available wellbeing measures (differences in 
number of available measurements per wave did not affect factor scores, see Supplementary information) using 
structural equation modeling38. We used full information maximum likelihood when constructing the factor 
score, which can handle missing values on indicator variables. However, to limit the number of missing values 
per participant, only those with at least two out of three measurements per wave were included. To reduce bias, 
a transformation was used so that the covariance matrix of the estimated factor scores matched the model-based 
latent factor covariance matrix39,40. Reliability of the factor scores were calculated using McDonald’s omega 
coefficient, which were all high, ranging between 0.80 (survey 10) and 0.91 (survey 14), indicating that a large 
share of score variance is due to the underlying factor.

Metabolomics data
231 metabolic markers were quantified from plasma samples using high-throughput proton nuclear magnetic 
resonance spectroscopy 1H-NMR) metabolomics (Nightingale Health Ltd, Helsinki, Finland; formerly 
Brainshake Ltd.). This method provides simultaneous quantification of lipids, lipoprotein subclass profiling 
with lipid concentrations within 14 subclasses, fatty acid compositions, and various low molecular weight 
metabolites including amino acids, ketone bodies, and glycolysis-related metabolites in molar concentration 
units41. Variables representing percentages of metabolites instead of the actual concentrations were removed 
to avoid collinearity. The final dataset contained 148 metabolites and 9 ratios, shown in Supplementary Table 
1. All the variables were scaled to allow comparisons of findings. Four metabolites—FALen, UnsatDeg, UnSat, 
Gln—were missing in most of the participants (31, 31, 88, and 100%, respectively) resulting in a final set of 
144 metabolites and 9 ratios for analyses. Note that 102 out of the 157 metabolites fall under the category of 
lipoproteins. Biological samples were obtained following the standard procedure for such collections. Plasma 
samples were stored at −20 °C. A comprehensive overview of the biobank procedures for blood sample collection 
is provided in Willemsen et al.42 and Ligthart et al.43.

The Nightingale Health 1HNMR platform protocol is as follows: Before the NMR measurements, samples 
are mixed with a sodium phosphate buffer (75 mmol/L Na2HPO4 in 80%/20% H2O/D2O, pH 7.4; including 
also 0.08% sodium 3-(trimethylsilyl)propionate-2,2,3,3-d4 and 0.04% sodium azide) and moved to the NMR 
tubes. A PerkinElmer JANUS Automated Workstation with an 8-tip dispense arm with Varispan is responsible 
for the liquid handling. Samples are transferred to 96- well plates, with every plate includes two quality control 
(QC) samples (consistency of quantifications), a serum mimic and a mixture of two low-molecular–weight 
metabolites (performance automated liquid handler and spectrometer). The laboratory setup combines a Bruker 
AVANCE III 500 MHz and Bruker AVANCE III HD 600 MHz spectrometers, both with the SampleJet robotic 
sample changer. The 500 MHz spectrometer is furnished with a selective inverse room temperature probe head, 
the 600 MHz spectrometer is furnished with a cryogenically cooled triple resonance probe head (CryoProbe 
Prodigy TCI). The 500 MHz and 600 MHz spectrometers can both automatically collect the lipoprotein (LIPO) 
and low-molecular-weight metabolites (LMWM) with standardized parameters. After spectroscopy, the 
samples are processed manually with a standardized lipid extraction procedure with multiple extraction steps 
using an Integra Biosciences VIAFLO 96 channel electronic pipette. These lipid extracts are again analyzed, 
in full automation, with the 600 MHz spectrometer with a standard parameter set. Initial data processing is 
handled by the computers controlling the spectrometers. Processing includes automated phasing and Fourier 
transformation of the NMR spectra. In house-algorithms located on a centralized server process the spectral 
data further, which includes baseline removal, background control, checking for missing or extra peaks, and 
spectral area-specific signal alignments. Regression modelling is performed to quantify the molecular data for 
those spectral areas that pass QC.

Data selection
To reduce bias of changes over time, we aimed to keep the time between the biological sample collection and 
the survey as short as possible. Therefore, the wellbeing latent score with the least time between phenotype 
assessment and biological sample collection was selected. The final sample consists of 4748 individuals, with 
2198 individuals with data from survey 6, 2318 with data from survey 8, 199 from survey 10 and 33 from survey 
14. The average time difference between the survey data and the biological data collection (time difference) was 
2.49 years (SD = 0.89).

Covariates
All models were adjusted for BMI, smoking status, fasting status, medication use (lipid-lowering, statin, 
hypertension, beta blocker, cardiac or antidepressive medication), time difference, and batch effects since these 
are variables that could affect the metabolite levels and/or measurements44. A descriptive table of the sample per 
batch is shown in Supplementary Table 4.
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The mean BMI of the sample was 24.7 (SD = 4.1). Smoking status was reported from the participants as no 
smokers (2515; 53%), former smokers (1307; 28%), and current smokers (912; 19%), while 14 individuals did not 
report smoking information. In total, 4479 (96%) samples were taken in a fasting state (data were missing for 72 
participants), and 422 (9%) were using medication at the moment of the biological data collection.

To test whether the confounders included in the model of interest influence the variability in metabolite 
concentrations (collectively), Principal Component Partial R-square was used45. Since we cannot create a 
separate model for each metabolite with specific confounders, this approach allowed us to determine the overall 
relationship between the confounders and the metabolite concentrations.

Statistical analyses
The removal of the variables for the metabolite percentages as well as the merging of the metabolite measures 
with the covariates were performed in Python 3 and the statistical analyses were performed in R, version 4.3.2. 
The main packages used were pandas for Python and foreign46, lavaan47, gee48, pcpr249 for the statistical analyses 
in R.

Multiple linear regression in generalized estimating equation (GEE) models were used to determine the 
associations between the wellbeing score as the independent variable and concentrations of metabolites as 
dependent variables. GEE models allow to correct for non-independence of data introduced by twin status within 
families50. All models were adjusted for BMI, smoking status, fasting status, medication use, time difference, and 
batch effect. As a sensitivity analysis, we repeated this regression analysis with a time difference limit of 5 years. 
This sensitivity analysis was not pre-registered. Although not pre-registered, we conducted additional analyses 
including sex and age as covariates due to their relevance to metabolite variation51.

After correction for multiple testing, using false discovery rate (FDR) according to the Benjamin-Hochberg 
procedure52,53, a p-value (pFDR) < 0.05 was considered statistically significant.

Results
The GEE models showed 52 significant associations between metabolites concentrations and wellbeing before 
FDR correction (p < 0.05). After the correction, no significant association remained (pFDR < 0.05). The p-values 
(before and after correction) as well as the direction of the effect—determined by the standardized β—are shown 
in Fig. 1.

 Given the absence of significant metabolites, we focused on the lowest p-value metabolites associated with 
wellbeing. After the p-value correction, 34 metabolites presented the same p-value (pFDR = 0.246), which was 
also the closest p-value to the significance threshold (0.05). The biological classification for all metabolites, and 
results of the GEE models for the 34 metabolites with top pFDR are described in Supplementary Table 1 and 
Table 2, respectively. Out of these 34 variables, 28 are of the class of lipoproteins, 2 are cholesterols, 2 glycerides 
and phospholipids, 1 is a lipoprotein, and 1 is of class “fluid balance”. Standardized beta values and their CI are 
represented in Fig. 2.

These regressions were repeated with a limited time difference between the blood sample collection and the 
survey collection of 5 years. This constraint resulted in a reduction in sample size of 4.93%—4514 individuals 
remained. However, no notable differences with the main analyses were observed (see Supplementary Analyses 
and Supplementary Table 3). The additional analyses incorporating sex and age as covariates did not alter the 
results; no significant metabolites were identified (P > 0.05).

The PCA R2 analysis showed that 21.35% of the variability in metabolite concentrations—all taken together—
was explained by the confounders in the model of interest; BMI, smoking status, fasting status, medication use, 
time difference between biological and survey collection, and batch effect. The variability explained by each of 
the covariates as well as the total, is shown in Fig. 3.

Discussion
We studied the relationship between metabolites and wellbeing in a sample drawn from the Netherlands Twin 
Register (NTR). Our results showed no significant associations between metabolite concentrations or ratios and 
wellbeing after multiple testing corrections, but provided an interesting proof of concept of the complexity of 
the biology of wellbeing.

As far as we know, our study is the first focusing on the association between metabolites and wellbeing, 
which prevents us from directly comparing our results with previous work. In this study, from the original 148 
metabolites, 34 metabolites were reported with the same lowest p-value after FDR correction (pFDR = 0.24563). 
These are mainly (apo)lipoproteins and cholesterol molecules. A significant proportion of the data consisted 
of lipoproteins (102 out of 157 metabolites), making it likely that any false positives observed prior to multiple 
testing corrections would originate from this category. Given the fact that they were not statistically significant, 
we hypothesize a broad explanation of their role in the biology of wellbeing, regardless of the size of the molecules 
and the specific parameters for each molecule.

All the 34 metabolites mentioned above take part in the endogenous lipid metabolism: the lipoproteins (Very 
Low Density Lipoprotein (VLDL), Intermediate Density Lipoprotein (IDL), Low Density Lipoprotein (LDL), 
and High Density Lipoprotein (HDL)), the apolipoproteins (Apo B) and phospholipids (Triglycerides and 
Sphingomyelins) closely related to them, the free cholesterol (Free Cholesterol), and even albumin (in charge 
of lipid transportation in blood54) can be connected to this pathway, illustrated in Fig. 4. In general, lipids are 
essential for cell structures and to generate energy in the cell19.

An hypothesis previously stated in the literature is that a healthier lifestyle is associated with a happier 
life55. “Bad” cholesterol—transported by LDL—and the associated molecules can have a negative effect on the 
cardiovascular system and are associated with a poorer lifestyle56. While the “good” cholesterol molecules—
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Fig. 2.  Forest plot of the metabolites with the lowest p-value after correction (0.2456) from higher beta to 
lower colored by metabolite class (legend on the bottom). On the right the description of the metabolite. Note: 
when correction of p-value, only the p-value is corrected. For this reason, the metabolites are not significant 
even though their confidence intervals do not cross the 0 value.

 

Fig. 1.  Associations between metabolite concentrations and wellbeing before and after multiple testing 
correction. P value vs. standardized beta before (left) and after (right) FDR correction. -log10 of P value in the 
Y axis and standardized beta on the X axis. A threshold is set at 0.05 with a dotted line. Significant p values are 
shown in purple.
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transported by HDL and associated with a healthy and balanced lifestyle—can have a positive effect on the 
cardiovascular system56. In line with this hypothesis, we found the βs for LDL to be negative while the βs for 
HDL were positive, which implies that the lower the LDL or the higher the HDL parameters, the higher wellbeing 
levels are reported. However, as the results were not significant they are suggestive, warranting caution in their 
interpretation and additional research for replication.

This potential effect of lipid metabolism on wellbeing is in line with previous results in other wellbeing 
omics, such as genomics. Baselmans et al. found in a Genome-Wide Association Study (GWAS) for wellbeing 
a significant effect of a SNP (rs10838629) associated with the LDL receptor (LDL receptor-related protein 4 
(LRP4))16. In another study from Turley et al. (2018), there are also some significant SNPs for wellbeing that 
are associated with lipid-related molecules, such as LDL receptor-related protein 1B (LRP1B, rs10197004) and 
Apolipoprotein A1 (APOA1, rs61905145)57. Therefore, the hypothesized pathway standing out in our results is 
in line with the same pathway reported in previous genetic studies for wellbeing.

Metabolomics results of other phenotypes closely related to wellbeing are worth discussing here. Noerman 
et al. found associations between phosphatidylcholines and several parameters indicating subjective stress. They 
also observed that changes in an unknown class of lipids over time correlate with physiological and psychological 
markers of stress24. Unfortunately, we did not include phosphatidylcholines or so-called “unknown class of 
lipids” parameters and, therefore, results cannot be compared directly.

As noted, Jia et al., suggested that serum lipid profile (total cholesterol, triglycerides, HDL cholesterol, 
and LDL cholesterol) may be linked directly to self-rated depression and cognitive performance25. For the 
low depression group, they found that the lower the LDL levels, the higher the cognitive scores. Although 
the phenotype is not exactly similar to the current study hypothesizes, an effect of the cholesterol pathway is 
observed. LDL, specifically, is present in the top metabolites subset observed in the present study and with 
the same (potential) direction of effect. The pattern observed in the discussed studies investigating metabolites 

Fig. 3.  Metabolite variance explained by the confounders in the model of interest from higher to lowest. In 
purple the total R2 explained by the confounders and in green the covariate-specific R2. Metabolite variance 
explained by covariate.
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in relation to wellbeing and mental health, is that lipids may play a role in wellbeing or related phenotypes 
compared to the other large molecule groups—proteins, nucleic acids, and carbohydrates. Thus, future research 
should focus on lipids in studies with a bigger sample size to unravel the potential relationship between lipid 
concentrations and wellbeing.

There are notable limitations in this study that require consideration. Firstly, the biological samples were not 
collected on the same day as the surveys were filled out with a time difference between 2 and 13 years (average 
of 2.49 years, SD = 0.89) with the biological sampling, potentially introducing bias in identifying metabolites 
associated with wellbeing. Unlike the genome, metabolite levels are highly dynamic. Even though wellbeing is 
assumed to be relatively stable across time34,58–62, differences between the time of biological sample and survey 
collection may have influenced our results, since metabolite concentrations change over time and conditions20,21. 
Sensitivity analyses with a time difference below 5 years, resulting in a reduction in sample size of 4.93%—
4514 individuals remained –, did not result in notable differences with the main analyses (see Supplementary 
Analyses and Supplementary Table 3). In addition, the PCA R2 showed that only 0.13% of the variance in the 
total set of metabolites was explained by the time difference. Still, we cannot rule out that our results are partly 
influenced by differences in data collection between individuals. Regarding the time difference between blood 
collection and analyses, access to this specific data was not provided. However, as outlined in Willemsen et al.42, 
the samples were stored under appropriate conditions. Secondly, this is a cross-sectional study—i.e., unable to 
assess causality—only able to reveal associations. Third, the focus on lipids in the available data may overlook 
important insights from other metabolite classes that were not covered with the used technique. Lastly, surveys 
6 and 10 had only two measurements available instead of 3, which meant that the factor scores of survey 6 and 
10 could have been less reliable than the others. However, we found that the correlations between all the factor 
scores were not significantly different from each other (Supplementary information), meaning that there was no 
bias introduced by the survey used.

Conversely, this study presents several strengths. The sample size is substantial for a study of this nature 
(N = 4748). The variables included in the models as covariates were also found to be important to include, given 

Fig. 4.  The liver synthesizes Triglycerides and cholesterol, which circulate in VLDL lipoproteins containing 
ApoB and sphingomyelin. These VLDLs transport lipids to tissues, where they release Triglycerides and 
transform into IDLs and LDLs, carrying cholesterol. LDLs return cholesterol to the liver or tissues, but excess 
LDLs can oxidize, leading to atheroma formation, earning them the label "bad cholesterol." Conversely, HDLs, 
containing ApoA1 and sphingomyelin, gather excess cholesterol and transport it back to the liver for disposal, 
earning them the moniker “good cholesterol”.
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the results of the analysis. The PCA-R2 analysis showed that 21% of the variability observed in the metabolites 
is accounted for by the covariates. This underlines the importance of correcting for them, as done in this study.

A challenge with testing for associations between metabolites and an outcome is that many metabolites are 
correlated. Having several, correlated measurements for the same molecule or set of molecules—in combination 
with multiple testing correction—might have acted to our disadvantage. Alternatively, by reducing the number 
of subtypes per molecule, the multiple-testing burden could be lowered, although it is hard to decide a priori 
which measurements should be taken. Rather than selecting fewer measurements per molecule, data reduction 
techniques could be applied to find subgroups of metabolites associated with the outcome of interest63. However, 
data reduction techniques always imply losing information and may complicate the biological interpretability 
of obtained results64.

Future investigations should focus on lipids, examining lipoproteins regardless of their subtype or other 
parameters should be considered, preferably in an even larger sample. Alternatively, one could include other 
classes of metabolites, not covered by the used technique in this study, to confirm that the recommended focus 
on lipids is appropriate. Additionally, data from other biological layers should be included to do an integrative 
multi-omics framework in the future, promising a deeper understanding of their interactions in determining 
wellbeing. Other methods like systems biology approaches (e.g. pathway analysis) should be considered in 
future research with significant results. Future investigations should explore these findings in larger and broader 
samples to assess their generalizability and potential new insights.

In conclusion, in this study, it is speculated that lipids may play a role in the metabolism of wellbeing, but 
more research including other omics is necessary to disentangle the complex biology of wellbeing.

Data availability
Being part of a national prospective cohort study, Netherlands Twin Register data cannot be made publicly 
available for privacy reasons, but they are available for legitimate researchers via the data access procedure 
(https://ntr-data-request.psy.vu.nl/). The research data collected by the Netherlands Twin Registry (NTR) are 
pseudonymized, annotated, and stored in the NTR Repository. This is a secure database that is only accessible to 
our data managers. Metadata (i.e. variable names, labels, counts etc.) can be consulted by researchers in the NTR 
Data Showcase (​h​t​t​p​s​:​​/​/​n​t​r​-​​d​a​t​a​-​r​​e​q​u​e​s​t​​.​p​s​y​.​​v​u​.​n​l​/​​d​a​t​a​-​s​​h​o​w​c​a​s​​e​.​h​t​m​l). The Data Showcase allows researchers 
to create a list of variables and export it for use in a Data Sharing Request (​h​t​t​p​s​:​​/​/​n​t​r​-​​d​a​t​a​-​r​​e​q​u​e​s​t​​.​p​s​y​.​​v​u​.​n​l​/​​s​u​b​
m​i​t​​t​i​n​g​-​a​​-​d​a​t​a​-​s​h​a​r​i​n​g​-​r​e​q​u​e​s​t​.​h​t​m​l). Researchers with an approved data sharing request who abide by the rules 
of the European General Data Protection Regulation will receive temporary access to the NTR data for their own 
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