




 

 
 
 
 

Chapter 4 presents a network analysis of the intersection of depressive symptoms and CVD risk 
factors through metabolite analysis. A parametric method is used to deal with the mixed data 
challenge (discrete and continuous variables). This study directly relates to Task 2.4, which aims 
to define the contribution of gender, lifestyle factors, and socio-economic gradients in multi-
morbid depression-CVD outcomes and trajectories. Drawing on data from the Young Finns 
Study (YFS) and validating findings with the UK Biobank (UKB), the study employed mixed 
graphical models to identify key metabolites linking these health indicators. Through stability 
analyses and assessments of centrality scores, specific metabolites such as Omega-3 fatty acids, 
creatinine, albumin, glucose, and citrate emerged as significant bridges between depressive 
symptoms and CVD risk factors. External validation confirmed the robustness of these 
associations across diverse datasets, even after adjusting for various covariates.  

Identifying key biomarkers is interesting, but in Chapter 5 we include more symptoms and 
metabolic biomarkers and go further. Compared to Chapter 4, a non-parametric method is 
used to deal with the mixed data challenge by discretizing all continuous variables. One of the 
things we are interested in here is testing whether this different methodology leads to very 
different biomarkers being identified or not. We propose a multipartite projection framework 
to reconstruct a weighted multilayer CVD-Depression disease network and identify significant 
biomarkers in a network connecting CVD and depression variables. This approach starts with 
constructing a multipartite correlation network, in which nodes are partitioned into different 
groups corresponding to multiple omics. Instead of correlating CVD phenotypes and depressive 
symptoms directly, their associations are projected (reconstructed) based on their correlations 
with intermediate biomarkers. Biomarkers that make high contributions to the projected 
symptom associations are considered significant. These significant biomarkers differ from 
those identified in Chapter 4, which might be due to the differences in the models used. Unlike 
the model in Chapter 4, the non-parametric MI correlation captures both linear and nonlinear 
relationships. It means that some pairs of symptoms and metabolites that show correlational 
links here, do not in Chapter 4. We show that this method can also contribute to Task 2.4 of 
defining the contribution of risk factors in CVD-depression outcome and trajectories. When 
including risk factors in the projection, we can assess their relative importance based on their 
projected correlations with CVD and depression. This method detects sex and body mass index 
(BMI) as the two most important risk factors related to both health conditions. The significant 
biomarkers underlying these relationships can then be identified and interpreted.  
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the training dataset includes GT. This is expected, as the correlated and synergistic 
relationships in simulated toy models were more precisely defined compared to those in data-
driven toy models. However, this is not always the case, for instance, when the intervention 
strength is 0.05. 
 

 
Figure 2-4 Precision curves and PAD in the simulated and the YFS data-driven toy models with the intervention 

strength of 0.01. The red curve lines show the precision of predicted node impacts from the RF model trained with 
GT (right column) and without GT (left column), while blue curve lines represent the precision of the baseline, 

permuted from the predicted node impacts. 

For the YFS dataset, we constructed the MI correlation graph, synergistic hypergraph and their 
mixed graph. We then calculated various centrality metrics for all these graphs and 
hypergraphs, resulting in a centrality dataset for validating purposes. Subsequently, we applied 
the trained RF model to the YFS dataset. Figure 2-5 presents the top 20 variables sorted by 
predicted node impact, which are identified as potential driver nodes in the YFS disease system 
of CVD, depression and their related metabolites and lipids. Additional details of these 
variables are provided in Table 1. In Figure 2-5, it is also observed that most predicted driver 
nodes are metabolites in the NMR. Specifically, variables such as free cholesterol, 
apolipoprotein B, triglycerides and phospholipids in the VLDL account for the majority of the 
top 20 predicted node impacts. 
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Figure A 2.2 Predicted node impact vs. actual node impact in toy modes with intervention of 0.001 and 0.05. The 
purple and yellow dashed line represent the 0.5 quantile values of predicted and actual node impacts, respectively. 
The plots in the left column display the results from the RF model trained without GT, while the plots in the right 
column show the results with GT. 



 

 
 
 
 

 
Figure A 2.3 Precision curves and PAD in the simulated and the YFS data-driven toy models with the intervention 
strength of 0.001 and 0.05. The red curve lines show the precision of predicted node impacts from the RF model 
trained with GT (right column) and without GT (left column), while blue curve lines represent the precision of the 
baseline, permuted from the predicted node impacts. 





 

 
 
 
 

sociodemographic variables, lifestyle & somatic indicators, psychiatric variables, and biological 
markers. The psychiatric domain contained almost 50 indicators of mental health ranging from 
self-reported symptoms to clinically assessed diagnoses, making the dataset unique in the 
depth of the mental health dimension. The biological domain consisted of more than 300 
markers, including a full lipidomic and proteomic panel and markers of inflammation. We 
compared different classifiers selecting the simplest, best-performing classifier; after that step, 
we compared different domains. We selected the simplest/best-performing domain as a base 
predictor set, whereafter the other domains were added to evaluate added predictive 
performance. We highlight the psychiatric dimension as a potential addition to the already 
robust set of known risk factors for CMD. 

3.2. Methods 

3.2.1. Participants 
Data came from participants in the Netherlands Study of Depression and Anxiety (NESDA) [22]. 
The detailed description for this dataset can be found in Section 1.2 of D2.2. We included 2,071 
subjects without cardiometabolic disease (CMD) at baseline and data availability of CMD at 2-
, 4-, 6-, and/or 9-year follow-up, meaning that each subject needed to have information on the 
outcome in at least one follow-up wave. 

3.2.2. Onset of cardiometabolic disease (CMD) during follow-up 
The outcome variable was defined by 6 indicators: (i) self-reported heart disease; (ii) self-
reported stroke; (iii) self-reported diabetes; (iv) cardiovascular medication (ATC codes: C01DA, 
C01-C05A-B, C07-C09A-B, C01DB); (v) antithrombotic agents (ATC code: B01); and (vi) fasting 
glucose levels over 7.0 mmol/L or diabetes medication (ATC codes: A10A-X). If a participant 
reported positive on any of the 6 indicators at baseline, the person was defined as having 
baseline CMD and therefore excluded from this study. Participants who newly developed any 
of the 6 indicators at any of the 4 follow-up waves were considered to have an onset of CMD. 
The remaining participants we reported as having no onset of CMD. 

3.2.3. Predictor domains 
A total of 383 predictors were included in the dataset of 2,071 subjects. The predictors fall into 
4 different categories, described below. A full list of predictors is given in Supplemental table 
S1, including their missingness. 

3.2.3.1. Sociodemographic predictors 
Eight sociodemographic variables were included: sex, age, level of education (highest attained 
degree and level of education), birth country, number of nationalities, first nationality, and 
ancestry of the respondent. 

3.2.3.2. Lifestyle and somatic health predictors 
We selected 15 variables in the lifestyle and somatic health domain, including measures for 
physical activity, smoking and drinking behaviours, but also BMI, hand grip strength and 
abdominal obesity (see table S1).  

3.2.3.3. Psychiatric predictors 
The psychiatric domain consisted of 49 variables, ranging from information on depression, 
anxiety disorder, antidepressant use and self-reported questionnaires on personality to 
childhood trauma. For depression symptoms, we used the 30 individual depressive symptoms 
from the self-report Inventory for Depressive Symptomatology (IDS-SR30) [23], because some 
individual symptoms are more strongly linked to CMD outcomes than others (physical 









 

 
 
 
 

 
Figure 3 Forest plot with AUC ROC values. 

 

Figure 3-1 A. Confusion matrix showing the predicted onsets and actual onsets of CMD; B. Evaluation metrics with 
sensitivity, specificity, accuracy, balanced accuracy, F1 score and precision; C. ROC curve belonging to the model. 

3.4. Discussion 
The main aim was to determine which sets of features were best able to predict onset of CMD, 
and whether certain combinations of domains were able to increase predictive performance. 
We found no significant incremental performance when adding more domains to the baseline 
domain of demographic variables. The overall performance was poor, with an AUC ROC of 0.64. 
Examination of the weights showed a limited contribution of sex to the outcome of CMD onset. 
We expected to see an increase in predictive performance when combining known risk factors 
(e.g. smoking, age, blood pressure) with psychiatric variables or biological markers, but found 













 

 
 
 
 

4. Linking Early Cardiovascular Disease Risk and 
Depressive Symptoms via Metabolites Using 
Network Analysis, accounting for 
sociodemographic and lifestyle factors.  

 

4.1. Background 
Metabolomics, a rapidly advancing field of research, enabled substantial progress in elucidating 
the biology of depression (Rydin et al., 2023; van der Spek et al., 2023). Through metabolomic 
studies, alterations in levels of neurotransmitters such as serotonin, dopamine, and 
norepinephrine, amino acids like tryptophan and phenylalanine, as well as various lipids, have 
been observed in individuals experiencing depression (HASLER, 2010; Kious, Kondo and 
Renshaw, 2019; So et al., 2021; Grant et al., 2022; Tian et al., 2022). These metabolites  may 
thus provide intervention targets involved in the onset, severity, and progression of depressive 
symptoms (Chen et al., 2017; Grant et al., 2022).  
In a parallel, metabolomics has emerged as a powerful investigative tool in the study of 
cardiovascular diseases (CVD). These studies identified unique metabolite signatures linked to 
various cardiovascular conditions, including atherosclerosis, hypertension, heart failure, and 
more. Notably, metabolites involving lipids, amino acids, glucose, and inflammatory markers 
have been identified, generating critical insights into the metabolic perturbations that 
contribute to the pathogenesis of CVD (Castañer et al., 2020; Soysal et al., 2020; Che et al., 
2023). 
There is a striking comorbidity between cardiovascular disorders and depression. Studies have, 
however, predominantly delved into each ailment in isolation, overlooking their possible 
shared metabolic pathways and limiting our comprehension of shared pathology and etiology.   
This study, part of current deliverable and in collaboration with deliverable 3.3 and 
UOI, investigates metabolites linking depressive symptoms and CVD risk factors. By identifying 
biomarkers and pathways, we aim to advance understanding of shared pathologies and 
catalyze innovative therapeutic strategies. This work represents a state-of-the-art approach in 
comorbidity research, integrating diverse data types to elucidate complex phenotypes.  
To access related code and materials, please consult the demonstrator for deliverable 3.3 titled 
Causality Extraction Algorithms and Results. 

4.2. Materials 
In this study we made use of three different datasets described below. The Young Finns study 
(YFS) served as input for the network analysis; the UK biobank (UKB) data was used for the 
external validation step. 

4.2.1. Young Finns Study 
The present analyses drew from the Cardiovascular Risk in Young Finns research (YFS), a 
population-based prospective cohort study carried out at five medical schools in Finland 
(Turku, Helsinki, Kuopio, Tampere, and Oulu). The YFS have been described in previous 
deliverables. In this study, we considered those participants of YFS whose NMR-measured 
metabolic data, depression and CVD assessment were available (N=1599). In total, we included 
21 depressive symptoms, 52 metabolites, and 3 CVD risk factors to create a network with 76 
nodes. For more comprehensive details regarding the population involved in our analysis.  

https://github.com/AngelaKoloi/Demostrator-3.3


 

 
 
 
 

4.2.1.1. Metabolites 
Using serum samples, 229 metabolic parameters were quantified using a high-throughput NMR 
metabolomics platform (Nightingale Health, Helsinki, Finland). Metabolites were selected and 
categorized into eleven distinct groups, encompassing amino acids, apolipoproteins, 
cholesterol, fatty acids, fluid balance, glycerides and phospholipids, glycolysis-related 
metabolites, inflammation markers, ketone bodies, lipoprotein particle size, and fatty acids 
measures. This categorization was drawn from the literature on metabolites in depression and 
CVD (for details see Table A 5.1).  
 
4.2.1.2. Depressive Symptoms  
Depressive symptoms were assessed using a revised version of the Beck's Depression Inventory 
(BDI-II) (Beck, Steer and Brown, 2011). (BECK et al., 1961) (Comparison of Beck Depression 
Inventories-IA and-II in Psychiatric Outpatients: Journal of Personality Assessment: Vol 67, No 
3, no date).  The BDI-II contains twenty-one questions measuring characteristic symptoms of 
depression experienced over the past two weeks. These items encompassed a range of somatic 
and cognitive experiences related to depression (refer to Table A 5.2 and Table 4-1). 
 
4.2.1.3. Cardiovascular disease risk factors 
We selected a set of three CVD risk factors, aiming to cover a broad spectrum of potential early 
risk markers of cardiovascular health. These include systolic and diastolic blood pressure and 
an attribute displaying Bulbus plaque and/or carotid intima-media thickness (IMT). 
 
4.2.1.4. Covariates 
The selected covariate factors encompass sex, age, smoking status, body mass index (BMI), 
presence of diabetes, level of physical activity, alcohol intake, educational attainment, and 
medication usage (including antidepressants and statins). Sex and age were corrected for 
before leveraging the network. We did this by first applying an ANOVA test between the 
network nodes (variables) and sex and age separately. The significant pairs were residualised 
on the relevant covariate(s). The other covariates were used in the validation step to check 
whether any associations disappeared after residualizing using Ordinary Least Squares (OLS) 
regression. 

4.2.2. UK biobank 
To validate the significant metabolites associated with depressive symptoms and 
cardiovascular disease (CVD) risk factors identified in the YFS, we utilized data from the UKB. 
NMR spectroscopy data were obtained through the Nightingale platform, facilitating 
straightforward integration and validation processes. 

4.2.2.1. NMR Spectroscopy Data: 
The NMR data encompassed detailed metabolic biomarkers quantified from 118,461 baseline 
plasma samples, processed by Nightingale Health Plc. This dataset represents a significant 
advancement, featuring a sample size more than ten times larger than many previous 
metabolic profiling studies. The NMR biomarker panel includes 249 measures of lipids and 
metabolites, enabling comprehensive analysis of metabolic signatures linked to depressive 
symptoms and cardiovascular risk. 

4.2.2.2. Depressive Symptoms: 
For the assessment of depressive symptoms in the UKB cohort, a subset of 157,302 participants 
completed comprehensive questionnaires specifically designed to evaluate depression. This 
subset provided robust data for exploring associations between metabolic profiles and 







 

 
 
 
 

other conditions. Having high jointness score implies a metabolite might be specifically relevant 
to both CVD and MDD, which can provide more targeted insights into the shared metabolic 
pathways. By identifying metabolites that are uniquely significant to both MDD and CVD, we 
can improve research on screening, diagnostics, and intervention, thereby enhancing precision 
medicine. 

4.3.5. Validation step 
After assessing stability and centrality, we checked whether associations disappeared after 
correcting for covariates, and sought to minimise spurious relationships. To achieve this, an 
Ordinary Least Squares (OLS) model was applied not only to the YFS, but also in an external 
dataset (UKB) for each variable connected to the metabolites filtered out by the stability and 
centrality analysis. We corrected for sex, age, medication use, physical activity, alcohol intake 
and educational attainment in various combinations. 

4.4. Results 
The first step of the analysis was to prepare the YFS data for network leveraging. After cleaning 
and preparation, the sample consisted of 1599 subjects, of which 54% female; for further 
details we refer to Table 4.1. Details on the BDI items are available in table S1; the distributions 
of the metabolites can be found in Figure S1, and information on the missingness and 
imputation results are in Figure S2. The ANOVA results for the associations between variables 
and sex/age are available in Figure S3. These data were fed to the MGM model. 
The MGM model created a network with 76 nodes: 21 BDI items, 52 metabolites and 3 CVD 
risk factors. The node colors represent the grouping of these variables. Figure 4-1 shows all the 
edges that were found. Since we are interested in the bridging symptoms, and these are slightly 
weaker than the intra-group connections. The metabolites serving as a bridge between CVD 
risk factor and BDI items are Omega-3 fatty acids, creatinine, Albumin signal area, Glucose and 
Citrate. It is worth noting that there are other chains with either CVD risk factors in the middle 
or BDI items, but we leave these out of consideration. In total there are six chains with a 
metabolite (5 metabolites in total) in the middle: IMT-Omega-3 fatty acids-Change in appetite; 
IMT-Creatinine-Loss of interest; IMT-Creatinine-Change in sleep pattern; IMT-Albumin-Change 
in sleep pattern; IMT-Glucose-Change in sleep pattern, and dbp-citrate-worthlessness.  
The six chains correspond to 12 edges; we tested the stability of these edges using a 
bootstrapping method to find the average link strength and fraction of how often the edge was 
present (Figure 4-2). All edges were either positive or negative over the 95% CI. In general, the 
CVD risk factor and metabolite edges were stronger than the BDI item and metabolite edges. 
The absolute strongest connections were between IMT and Glucose (0.026) and IMG and 
Albumin (-0.024). The signs of the edges with change in sleep/appetite need to be interpreted 
as unimportant: no meaning cannot be deducted from them. The degree centrality versus 
jointness score scatter plot of the 5 metabolites can be found in Figure 4-3. There seems to be 
a negative relationship with jointness and degree centrality. Glucose has second to highest 
degree, and a relatively low jointness score. Omega-3 fatty acids have the highest jointness 
score and lowest degree.  
We checked all pairs of phenotypes and metabolites using OLS both within YFS and in UKB. We 
first regressed using no additional covariates, finding that all associations but omega-3 FAs with 
appetite change and citrate with Trouble sleeping remained significant (Table 4.1). The 
associations were subtle, with the highest coefficient between creatinine and change in sleep 
(b=-0.069). Then we corrected for sex, age, smoking status and physical activity: Albumin was 
connected with Trouble sleeping (b=-0.007), and Glucose was still connected to Sleeplessness 
(b=0.008). 
 



 

 
 
 
 

Table 4. 1 Data characteristics of YFS 

N    % 
Female 

Age 
(mean±sd) 

BMI 
(mean±sd) 

% 
Smokers   

% AD 
Users   

% Edu 
Lvl 1   

% Edu 
Lvl 2   

% Edu 
Lvl 3   

1599   54.0         37.8±5.0          26.2± .6    18.9                 6.3        4.7   70.5             24.7   
 

 

 
Figure 4-4-1 Network of depressive symptoms, metabolites, 3 CVD risk factors. 

 

  



 

 
 
 
 

Figure 4-4-2 Stability analysis figure showing the metabolite-symptom and metabolite-risk factor pairs, (metabolites 
have to be paired with both a symptom and a risk factor), ranking the highest edge weights up top, and show the 
fraction of how often edge was present 

 
Figure 4-4-3 Scatter plot of the stable metabolites with on the x-axis jointness score and y-axis degree centrality. 

Table 4-4-2 Regression analysis of the metabolites corrected for several sets of covariates, with the p-values. 

 

4.5. Conclusions and Next Steps 
In this study, we conducted an extensive analysis using three different statistical techniques 
across three datasets, integrating robust and cutting-edge methodologies. Our approach 
surpasses traditional associational pattern finding, advancing into mechanistic pattern 
recognition, which enhances our understanding of the complex interplay between metabolites, 
depressive symptoms, and CVD risk factors. 
One of the notable findings from our network analysis is the relatively weak and unstable edges 
between metabolites and depression. This instability could be attributed to the specific 
depressive symptoms assessed, such as changes in appetite and sleep patterns. The variability 
in these symptoms might lead to contradictory effects, making the associations less clear. 



 

 
 
 
 

Despite this, our methodology ensures that the identified associations are meaningful and 
reliable. 
The differences between the YFS and the UKB datasets, particularly in terms of age, add 
strength to our analysis. The YFS cohort, being younger, provides insights into early warning 
signals for later life conditions like CVD, which typically present in older populations. This 
contrast supports the notion that relationships found in YFS could indicate early risk markers, 
potentially guiding preventive strategies. 
Another significant strength of our study is the use of the same metabolite platform in both 
YFS and UKB. This consistency enhances the comparability and reliability of our findings, 
ensuring that the validation of results across different cohorts is robust. The application of 
three different statistical analyses, including the linear regression, across these datasets further 
solidifies the credibility of our results. 
Our findings reveal that metabolites such as Omega-3 fatty acids, creatinine, albumin, glucose, 
and citrate serve as bridges between depressive symptoms and CVD risk factors. The stability 
analysis through bootstrapping confirms that these associations, although sometimes weak, 
are consistent across different iterations of the model. Notably, Omega-3 fatty acids showed 
the highest jointness score, indicating a significant role in connecting depression and CVD. 
The validation step using the UKB dataset confirmed most of the associations identified in YFS, 
highlighting the robustness of our results. Even after correcting for covariates like sex, age, 
smoking status, and physical activity, key associations such as glucose with sleeplessness and 
albumin with trouble sleeping remained significant.  

4.6. Supplemental material 
Table 4-4-3 More extensive data on averages of symptoms and CVD risk factors from YFS. NA: Not Applicable. 

Symptom Age 
group 

0.0 1.0 2.0 3.0 4.0 5.0 6.0 

Agitation  30-37 435 146 7 0 0 NA NA 

38-45 518 155 0 0 0 NA NA 

Changes in appetite 30-37 399 71 92 5 9 0 12 

38-45 456 92 91 9 15 2 7 

Changes in sleep pattern 30-37 278 90 164 13 25 2 16 

38-45 351 93 138 31 19 2 35 

Concentration difficulty 30-37 479 91 16 2 0 NA NA 

38-45 532 116 24 0 0 NA NA 

Crying 30-37 512 67 4 5 0 NA NA 

38-45 596 60 5 12 0 NA NA 

Guilty feelings 30-37 379 191 14 4 0 NA NA 

38-45 428 224 15 7 0 NA NA 

Indecisiveness 30-37 515 60 12 0 0 NA NA 

38-45 579 81 12 0 0 NA NA 

Irritability 30-37 414 160 12 1 0 NA NA 



 

 
 
 
 

38-45 511 147 11 2 0 NA NA 

Loss of energy 30-37 398 173 15 1 0 NA NA 

38-45 426 221 22 1 0 NA NA 

Loss of interest 30-37 492 93 3 0 0 NA NA 

38-45 539 126 5 3 0 NA NA 

Loss of interest in sex 30-37 437 119 20 11 0 NA NA 

38-45 471 154 32 13 0 NA NA 

Loss of pleasure 30-37 458 118 8 4 0 NA NA 

38-45 503 165 3 3 0 NA NA 

Past failure 30-37 515 60 11 2 0 NA NA 

38-45 593 57 19 5 0 NA NA 

Pessimism 30-37 464 110 9 5 0 NA NA 

38-45 540 115 16 3 0 NA NA 

Punishment feelings 30-37 531 42 12 2 0 NA NA 

38-45 601 53 12 6 0 NA NA 

Sadness 30-37 481 100 6 1 0 NA NA 

38-45 552 118 3 1 0 NA NA 

Self criticalness 30-37 461 110 16 1 0 NA NA 

38-45 545 112 14 2 0 NA NA 

Self dislike 30-37 491 91 5 1 0 NA NA 

38-45 575 92 5 1 0 NA NA 

Suicidal thought or wishes 30-37 546 38 3 1 0 NA NA 

38-45 625 45 2 0 0 NA NA 

Tiredness or fatigue 30-37 447 111 28 1 0 NA NA 

38-45 507 140 22 3 0 NA NA 

Worthlessness 30-37 518 56 12 2 0 NA NA 

38-45 583 79 6 4 0 NA NA 

Age 
group 

Systolic blood 
pressure 

Diastolic 
blood 
pressure 

Intima 
media 
thickness 



 

 
 
 
 

 

 

 

 
Figure 4-4-4 Metabolites distribution 

 

 
 
 
 
 
 
 
 
 
 

30-37 119.72±12.94 74.07±11.06 0.60±0.08 

38-45 122.43±14.69 77.68±11.01 0.66±0.10 



 

 
 
 
 

 

 
Figure 4-4-5 Missingness 

 

 
 
 
 
 
 
 
 
 









 

 
 
 
 

Secondly, the simple summation of the number of connections is a coarse measure that treats 
each connection equally, no matter their strength of (Pearson) association. Thirdly, the use of 
Pearson correlation means that potentially non-linear associations are missed [17]. Lastly, 
these methods do not allow for the incorporation of higher-order correlations into the 
projection. 
To eliminate the bias, some studies have expanded on the methodology. Park, J. et al. included 
cellular networks and incorporated two omics (genomes and proteomes) datasets into the 
analyses [18]. Regarding the second limitation, Zhou, X. et al. applied the cosine similarity of 
respective symptom vectors of given diseases to quantify disease associations and defined the 
order of interactions based on the length of path between proteins [19]. Grosdidier, S. et al. 
proposed a concept of molecular comorbidity index (MCI) based on proteins in common 
between two diseases to estimate the strength of the association [20]. Although extending to 
multiple omics or defining a more complicated disease association, methodological 
shortcomings remain. Specifically, none of the current methods provide a combined solution 
that incorporates multiple omics datasets into a single network analysis, integrates a more 
refined counting of mediating biomarkers, and utilizes an expressive non-linear correlation. 
To fill the above gap, here we propose a multipartite projection method that (i) can combine 
any number of omics datasets and diseases; (ii) is based on the non-parametric Shannon 
mutual information (MI) correlation measure; and (iii) counts shared biomarkers and risk 
factors in a weighted manner. Mutual information (MI) is a non-parametric information-
theoretic metric that captures both linear and nonlinear mutual interdependence between two 
variables [21]. Counting biomarkers in a weighted way provides a finer-grained measure to 
reconstruct disease associations. For this purpose, we introduced four projection definitions 
that not only count the number of shared intermediate biomarkers, but also consider the 
strength of their nonlinear correlations, the importance of these correlation links in the 
network, and non-shared biomarkers that have the shortest path in the network. This 
projection method can be perceived as an attempt to decompose the direct association 
between each pair of diseases into "small" parts, where each part is a path of correlations 
through a shared biomarker. This is intuitively interpretable because diseases are rarely 
occurring in isolation. Instead, they are likely to share a common set of risk factors and 
biomarkers if they share a common etiology [22]. Compared to direct correlation, the 
decomposition implied by the network projection provides deeper insights into what these 
common etiologies may be. Notwithstanding, we must note that our approach is not to be 
understood as a causal discovery method, and therefore links in our networks are not to be 
readily interpreted as causal relationships. 
We apply this method to a dataset from the Young Finns Study (YFS). This dataset encompasses 
three sets of variables: CVD/depression phenotypes (see Table A 5.1 and A 5.2) and related risk 
factors (e.g., covariates, Table 5.3), metabolites, and lipids. We first construct a significant 
tripartite MI correlation network, where nodes are partitioned into three groups based on 
these variable sets. Next, the projection method is applied to the multipartite network to 
reconstruct associations between disease phenotypes, counting their shared biomarkers in 
various omics datasets as different layers. 
The projection method and the resulting weighted multilayer network allow us to: (i) in parallel 
identify important biomarkers, representing multiple biological layers possibly related to the 
development of comorbidity between CVD and depression; (ii) identify biomarkers related to 
specific risk-phenotype and phenotype-phenotype associations; (iii) within this network 
integrate and account for important risk factors. The projection method thus identifies 
significant mediating biomarkers related to the comorbidity of the conditions. These mediating 
biomarkers include triglycerides in small low-density lipoproteins (LDL), valine and creatinine 
in NMR metabolites; and specific lipids such as specific phosphatidylcholines (PC), 



 

 
 
 
 

phosphatidylethanolamines (PE), sphingomyelins (SM) and phosphatidylglycerol (PG). This 
method detects sex and body mass index (BMI) as two important risk factors related to both 
CVD and depression. It also finds significant mediating biomarkers that elucidate the strong 
links between these risk factors and phenotypes. 
The precise mechanisms underlying the association between the identified biomarkers and 
both CVD and depression are intricate and not completely understood. Therefore, some of the 
findings need further clinical exploration. By including any number of omics datasets and taking 
into account non-linear associations, we believe our method offers a truly system-level 
overview of biological pathways contributing to a comorbidity. 

5.2. Methods 

5.2.1. The Cardiovascular Risk in Young Finns Study 
We use the wave 2007 of Young Finns Study (YFS) datasets in this work. The detailed 
description of this dataset can be seen in section 1.1 of D2.2. This multidimensional data 
encompasses (1) CVD-related phenotypes (see Table A 5.2), lifestyles, demographic and 
socioeconomic information (see Table 5.3), (2) depressive symptoms and its summary Beck's 
score (see Table A 5.1), (3) metabolomic data from nuclear magnetic resonance (NMR) 
spectroscopy and (4) lipidomic data. The dataset therefore enables the assessment of effects 
of risk factors on CVD and depression and related biomarkers of metabolites and lipids. 

5.2.2. Metabolomic profiling 
High-throughput NMR spectroscopy was used for quantification of 164 metabolites from 
serum [27]. The platform allows simultaneous quantification of standard clinical lipids, 14 
lipoprotein subclasses and individual lipids (triglycerides, phospholipids, free and esterified 
cholesterol) transported by these particles, multiple fatty acids, glucose and various glycolysis 
precursors, ketone bodies and amino acids in absolute concentration units in a single 
experimental setup. Lipid concentrations in the 14 lipoprotein subclasses were quantified 
based on the subclass sizes definition: extremely-large VLDL (particle diameter from 75 nm 
upwards), five VLDL subclasses (average particle diameters of 64.0 nm, 53.6 nm, 44.5 nm, 36.8 
nm, and 31.3 nm), IDL (28.6 nm), three LDL subclasses (25.5 nm, 23.0 nm, and 18.7 nm), and 
four high-density lipoproteins (HDL) subclasses (14.3 nm, 12.1 nm, 10.9 nm, and 8.7 nm). 

5.2.3. Lipidomic profiling 
Lipidome quantification for the stored plasma samples was performed at Zora Biosciences Oy 
(Espoo, Finland). Lipid extraction was based on a previously described method [28]. In brief, 
10ul of 10 mM 2,6-di-tert-butyl-4-methylphenol (BHT) in methanol was added to 10ul of the 
sample, followed by 20ul of internal standards (Avanti Polar Lipids Inc., Alabaster, AL) and 300ul 
of chloroform:methanol (2:1, v:v) (Sigma-Aldrich GmbH, Steinheim, Germany). The samples 
were mixed and sonicated in a water bath for 10 min, followed by a 40-min incubation and 
centrifugation (15 min at 5700 ×g). The upper phase was transferred and evaporated under 
nitrogen. Extracted lipids were resuspended in 100ul of water-saturated butanol and sonicated 
in a water bath for 5 min. Then, 100ul of methanol was added to the samples before the 
extracts were centrifuged for 5 min at 3500 ×g, and finally the supernatants were transferred 
to the analysis plate for mass spectrometric (MS) analysis. The MS analyses have also been 
described in detail previously [29]. The analyses were performed on a hybrid triple 
quadrupole/linear ion trap mass spectrometer (QTRAP 5500, AB Sciex, Concord, Canada) 
equipped with ultra-high-performance liquid chromatography (UHPLC) (Nexera-X2, Shimadzu, 
Kyoto, Japan). Chromatographic separation of the lipidomic screening platform was performed 
on an Acquity BEH C18, 2.1 × 50 mm id. 1.7um column (Waters Corporation, Milford, MA, USA). 



















 

 
 
 
 

symptoms and identified metabolites (red dots) exhibit low linear correlation but still 
demonstrate high MI correlation. We expect that this is the main reason for the difference in 
the identified significant biomarkers. 
 

 
Figure 5-5-5 The top 10 significant metabolites and lipids related to CVD-depression comorbidity (all links between 
CVD-related phenotypes and depressive symptoms). A and B: The top ten significant metabolites and lipids in terms 

of mean total contribution score over 20 runs. C and D: The top ten significant metabolites and lipids in terms of 
mean jointness score over 20 runs. 

As part of the sensitivity analyses exploring different imputation techniques, we conducted the 
contribution score calculation for metabolites and lipids on the dataset that was imputed using 
three alternative methods. The identified mediating biomarkers still present many overlaps 
across the rankings (Table 5.1 and 5.2), demonstrating the robustness of the results to the 
choice of imputation techniques. The details of the identified biomarkers in these rankings are 
in Table A 5.3. This finding underscores the effectiveness of the proposed projection method. 
For further validation, we use projection definition 1 (number of shared biomarkers) in the 
significant tripartite MI correlation network as the projected correlation. The mediating 
biomarkers identified from this definition show an extensive overlap with those in the rankings 
from definition 2 (see Figure A 5.4.A). This result shows that definition 1 and 2 have similar 
performance in the YFS dataset. Additionally, projection definitions 1 and 2 are applied to the 
significant multipartite Pearson correlation network, leading to rankings of mediating 
biomarkers shown in Figure A 5.4.B and C, respectively. These biomarkers (Table A 5.6) differ 
notably from those identified from MI correlation network (Table 5.1). This may be because MI 
is more powerful and can detect relationships that go beyond what Pearson correlation can 
identify. Thus, projecting human disease networks based solely on linear correlation 
coefficients may overlook important biomarkers. 
We show these identified biomarkers versus summary health scores of CVD and depression in 
Figure A 5.5 and A 5.6. It is observed that the variance of these biomarkers decreases over 
Beck's score of individuals. In contrast, the variance increases until intermediate values of the 
CVD score (3 or 4), then decreases with a further increase in the score. This finding indicates 
that the health condition of CVD and depression may be dependent on the variance of related 
significant biomarkers. For instance, the variance of significant biomarkers is regulated within 
a low range for individuals with a healthy CVD score. 



 

 
 
 
 

 
Table 5-5-1 Identified biomarkers related to CVD-depression comorbidity considering total contribution score. 

Omics Random 
Imputation 

MICE:Linear/Logi
stic 

MICE:RF Without 
Imputation 

Metaboli
tes 

XLHDLPL07 Val07 Crea07 Crea07 
SLDLTG07 SLDLTG07 XLHDLPL07 XLHDLPL07 
Val07 XLVLDLCPCT07 Val07 Val07 
Crea07 Crea07 SLDLTG07 SLDLTG07 
ApoBApoA107 ApoBApoA107 ApoBApoA107 XXLVLDLPLPCT07 
SVLDLPL07 LHDLL07 LHDLL07 ApoBApoA107 
XSVLDLTG07 XLHDLPL07 SVLDLPL07 LLDLFCPCT07 
LHDLFC07 SVLDLPL07 XLHDLPLPCT07 SVLDLPL07 
LLDLFCPCT07 XXLVLDLL07 XXLVLDLL07 LHDLFC07 
XXLVLDLTG07 LLDLFCPCT07 LLDLFCPCT07 XSVLDLTG07 

Lipids 

PC.38.4b PC.38.4b TAG.18.0.18.1.18.
1...1 

PC.38.4b 

PE.32.1 SM.40.0 PC.36.4b..2 SM.32.2 
SM.40.0 PE.32.1 Cer.d16.1.18.0. PE.32.1 
DAG.18.0.18.1. DAG.18.0.18.1. SM.32.2 SM.40.0 
PG.36.1 LPC.O.20.0 PC.38.4b SM.32.1 
TAG.18.0.18.1.18.
1...1 

TAG.18.0.18.1.18.
1...1 

PG.36.1 PI.34.1 

PC.36.4b..2 PG.36.1 DAG.16.0.20.4. PG.36.1 
DAG.16.0.20.4. DAG.18.1.20.4. TAG.16.0.18.0.18.

1...1 
DAG.18.1.20.4. 

PI.34.1 DAG.16.0.20.4. DAG.16.0.18.1. DAG.18.0.18.1. 
TAG.16.0.18.0.18.
1...1 

SM.32.2 Cer.d18.2.18.0. TAG.16.0.18.0.18.
1...1 

 
Table 5-5-2 Identified biomarkers related to CVD-depression comorbidity considering jointness score. 

Omics Random 
Imputation 

MICE:Linear/Logi
stic 

MICE:RF Without 
Imputation 

Metaboli
tes 

XLHDLPL07 Val07 Crea07 Crea07 
SLDLTG07 SLDLTG07 XLHDLPL07 XLHDLPL07 
Val07 XLVLDLCPCT07 SVLDLPL07 Val07 
Crea07 SVLDLPL07 Val07 SLDLTG07 
SVLDLPL07 ApoBApoA107 ApoBApoA107 SVLDLPL07 
ApoBApoA107 Crea07 SLDLTG07 XXLVLDLPLPCT07 
LHDLFC07 XLHDLPL07 LHDLL07 ApoBApoA107 
XSVLDLTG07 LHDLL07 LLDLFCPCT07 LLDLFCPCT07 
LLDLFCPCT07 LLDLFCPCT07 Leu07 Leu07 
Leu07 Leu07 XLHDLPLPCT07 LHDLFC07 

Lipids 

PC.38.4b PC.38.4b TAG.18.0.18.1.18.
1...1 

PC.38.4b 

PE.32.1 PE.32.1 PC.36.4b..2 SM.32.2 
SM.40.0 SM.40.0 SM.32.2 PE.32.1 
DAG.18.0.18.1. DAG.18.0.18.1. Cer.d16.1.18.0. PG.36.1 
TAG.18.0.18.1.18.
1...1 

SM.32.2 PC.38.4b DAG.18.0.18.1. 



 

 
 
 
 

SM.32.2 TAG.18.0.18.1.18.
1...1 

PG.36.1 PI.34.1 

TAG.16.0.18.0.18.
1...1 

PG.36.1 TAG.16.0.18.0.18.
1...1 

DAG.18.1.20.4. 

PI.34.1 DAG.18.1.20.4. DAG.16.0.20.4. SM.32.1 
PC.36.4b..2 LPC.O.20.0 DAG.16.0.18.1. SM.40.0 
PG.36.1 TAG.16.0.18.0.18.

1...1 
Cer.d18.2.18.0. TAG.16.0.18.0.18.

1...1 

5.3.3. Relative importance of risk factors and related biomarkers 
Including risk factors in the projection results in a weighted multilayer projected tripartite 
correlation network, in which nodes are partitioned into three groups: risk factors, CVD-related 
phenotypes, and depressive symptoms (see Figure 5-6A and B). Observing both metabolomic 
and lipidomic layers of the projected network, the high weighted degree of sex and body mass 
index (BMI) indicates their extensive associations with both CVD and depression compared to 
other risk factors. The relative importance of all risk factors is shown in Table 5.3. The results 
suggest that sex and BMI are two significant risk factors related to CVD and depression, which 
corroborates previous studies [38,39,40,41]. Additionally, it is worth noting that age, another 
well-known risk factor related to CVD and depression, does not show high importance in the 
YFS dataset. This is possibly due to the fact that YFS participants were all the young adult 
population.  
 
Table 5-5-3 Relative importance of risk factors. 

Risk factors CVD (%) Depression (%) 
Age 6.32 5.27 
Sex 26.79 30.24 
BMI 47.93 42.69 
Socio-eco 5.62 6.89 
Smoke 8.60 8.93 
Excercise 4.75 5.99 

 







 

 
 
 
 

 
Figure 5-5-7 The metabolic and lipidomic layers of projected bipartite networks of CVD-related phenotypes and 

depressive symptoms. 



 

 
 
 
 

 

Figure 5-5-8 Gender-specific analyses for the significant biomarkers underlying CVD-depression comorbidity. A: 
The top 10 mediating metabolites and lipids that contribute to projected correlations between CVD and depression 
in the female network (Figure 5-7). Metabolites and lipids that have bars in light blue and green indicate that they 
also contribute to CVD-depression correlations in the male network. Otherwise, the biomarker does not contribute 
to any CVD-depression correlations in this network. B: The top 10 mediating metabolites and lipids contributing to 
projected correlations between CVD and depression in the male network (Figure 5-7). Metabolites and lipids that 
have bars in dark blue and green means that they also contribute to CVD-depression correlations in the female 

network. Otherwise, the biomarker does not contribute to any CVD-depression correlations in this network. 

5.4. Discussion 
In this study, we proposed a multipartite projection method to reconstruct CVD-depression 
associations, leading to the creation of a weighted multilayer network of CVD-related 
phenotypes and depressive symptoms. The proposed method can be seen as an improvement 
for previous disease network modeling methods [16,18,19]. It demonstrates several 
advantages: (i) it uses MI correlation to capture both linear and nonlinear associations; (ii) it is 
capable of integrating multiple biological omics datasets into the projection; (iii) it defines a 
more refined projection strategy that accounts for shared biomarkers considering their 
correlations in various ways. Additionally, this method has the potential to incorporate directed 
causal relationships and higher-order interactions (e.g. synergistic relationship) into the 
projection. 



 

 
 
 
 

We applied the method to the YFS dataset and reconstructed the associations between CVD-
related phenotypes and depressive symptoms considering two available omics datasets: 
metabolome and lipidome. A weighted multilayer disease network was created based on the 
projected associations. Each layer of the projected network represents the interconnectedness 
of diseases in a specific omics context, which is metabolomic or lipidomic in this study. This 
framework allows for a rich network representation of CVD and depression across multiple 
dimensions and the identification of related biomarkers. It provides better insights into 
identifying the causal and biological pathways underlying connections between these diseases, 
which imply their possible comorbidities. 
The most contributing metabolites and lipids (sorted in Figure 5-5) are inferred to play a role 
in the biological pathways connecting CVD and depression. In metabolites, the analyses 
pointed at a mediating role of VLHDL. Such particles are rich in phospholipids which, on the 
one hand, are known to play a vital role in protecting against cardiovascular disease by 
promoting cholesterol efflux and reducing inflammation [51,51]. The anti-inflammatory effects 
of phospholipids within HDL may simultaneously improve depressed mood and increase 
treatment response to conventional antidepressant medications in patients with major 
depression [52]. Such an anti-inflammatory property is also associated with apolipoprotein A-
I, a major protein component of HDL particles [53]. This may well explain why "ApoBApoA1" is 
also in the ranking. Further, high cholesterol has been recognized as one of the most significant 
risk factors for cardiovascular disease (CVD) [54]. Additionally, it also shows a positive 
correlation with depression severity [55]. We also find TAGs in small LDL, creatinine and valine 
in metabolites associated with CVD-depression comorbidity. Creatinine is a byproduct of 
breaking down creatine. On the depression side, creatine presents an antidepressant-like 
effect [56,57]. On the CVD side, serum creatinine was associated with several traditional 
cardiovascular risk factors in hypertensive patients and stroke [58]. Valine has been considered 
to be significantly associated with depression [59]. In addition, high levels of branched chain 
amino acids (BCAAs), which both valine and leucine (in the ranking from jointness score) are 
categorized as, predicted a higher risk of developing CVD [59,60]. 
On the other hand, the projection method identifies lipids such as specific PCs, PEs, SM, DAG 
and TAG as significant biomarkers (Figure 5-5). PCs and PEs are two major classes of 
phospholipids whose associations with CVD and depression have been discussed above. SM 
has been reported to be associated with depression and anxiety symptoms [61,62], and may 
even play a causal role in the pathogenesis of depression [63]. Also, SM 32:2 presented a 
significant and positive association with atherosclerosis, a key risk factor for CVD [64]. SM 32:2 
was identified as molecular species containing myristic acid and SM(d18:2/14:0) [65]. It is well-
known that SM(d18:2/14:0) also has a physiological effect on atherosclerosis. Additionally, 
DAG and TAG have also been reported to be associated with both CVD and depression 
[49,66,68]. 
Notably, the projection method identifies PG 36:1, a specific molecular species of PG, as a 
potential biomarker related to both CVD and depression. While direct evidence linking this 
specific phospholipid to depression is limited, exploring novel biomarkers like PG in mental 
health research could offer valuable insights into the underlying biological mechanisms of 
depression. On the other hand, PG is an intermediate in the biosynthesis of various lipids, 
particularly cardiolipin (CL) [69,70], which may be associated with mitochondrial function and 
cardiac health [71]. However, further research is needed to elucidate the precise role of PG in 
CVD-depression comorbidity. 
When turning our attention to risk factors, the projected network identifies sex and BMI as two 
important risk factors linking CVD and depression. Sex is indeed a risk factor for these health 
conditions [15,72]. Men, on average, are more prone to certain risks such as high blood 
pressure, higher levels of LDL (bad) cholesterol, and a higher likelihood of smoking and 



 

 
 
 
 

excessive alcohol consumption. The risk of developing CVD tends to start earlier in men, often 
around middle age. On the other hand, women are more likely to be diagnosed with depression 
[73]. The sex-specific difference in depression can be attributed to the sex-induced biological 
changes such as in hormones in women, and different presentations of depressive symptoms 
[74]. Body mass index (BMI) is also considered to be highly associated with both CVD and 
depression. High BMI, particularly when it falls into the obese category (BMI of 30 or higher), 
is a well-established risk factor for cardiovascular diseases [75,76]. Depression shows a 
significant U-shaped association with BMI categories (underweight, normal, overweight and 
obesity) [77,78]. Age is another important risk factor associated with both CVD and depression 
[79], but not in the YFS as the participants in this study were young adults. 
The biomarkers underlying the strong links between these important risk factors and 
phenotypes can be also detected. These biomarkers are considered important in elucidating 
how risk factors contribute to disease development and understanding the underlying 
biological pathways involved. For instance, SM 32.2 and many specific LPCs are identified as 
biomarkers related to appetite in individuals with depression, although no human studies have 
reported this finding. However, a recent paper using mouse models discovered that an increase 
in LPCs in the blood following a prolonged fasting increased lysophosphatidic acid (LPA) level 
in the brain [80]. These LPAs can modulate the excitability of nerve cells in the cerebral cortex, 
thereby influencing food intake and appetite regulation. Additionally, the detection of certain 
TAGs and DAGs in the context of sex-related cardiovascular research suggests potential lipid-
related mechanisms underlying sex disparities in CVD susceptibility or outcomes [81]. 
This study has several limitations. Firstly, we conduct two steps considering the MI correlation 
to eliminate redundant information. Although these two steps can contribute to the reduction 
of the spurious score, they lead to the decrease in explaining score as well. This is due to the 
omission of some pairwise interactions related to the removed variables. Secondly, the YFS 
dataset includes limited omics data: metabolome and lipidome, which may still not be 
sufficient to reconstruct the projected correlation. These two limitations can be the main 
reason why the explaining scores are consistently low for the projection method. This finding 
highlights the importance of including multi-omics data in the projection and human disease 
network construction. Another limitation pertains to the absence of directionality in the MI 
correlation, and the fact that it is a correlation measure and not a causal discovery method, 
which makes it incapable of capturing causal relationships between variables. It is therefore 
challenging to determine whether a biological variable plays a role of a confounder, collider, 
mediator or moderator. Finally, our method is blind to so-called synergistic associations or 
higher-order correlations, i.e., higher-order associations beyond pairwise. Compared to the 
related literature this is however not a limitation, as it is a common limitation in the field. 
We may add that research on the role of biomarkers in the comorbidity between CVD and 
depression is still evolving, and mechanistic studies are needed to yield clinical applications. It 
is therefore not straightforward to validate our results. As a computational approach based on 
network modeling, this study provides a data-driven insight in studying human disease 
networks and identifying significant biomarkers underlying the co-occurrence of these health 
conditions besides traditional biological and experimental analyses. It may, for instance, 
provide direction for future data gathering efforts towards biomarkers that are predicted as 
highly important unexpectedly such as PGs. Future work should involve incorporating directed 
causal and higher-order relationships into the projection and replicating the analysis on diverse 
datasets, including more omics data such as genomics and proteomics. 

5.5. Summary and Conclusions 
In this study, we introduced a novel multipartite projection method to construct multilayer 
disease networks, focusing on the comorbidity between CVD and depression. By leveraging the 



 

 
 
 
 

MI correlation, our method integrates multiple omics datasets, such as metabolomics and 
lipidomics, to provide a system-level overview of the biological pathways contributing to this 
comorbidity. 
Our analysis, applied to data from the Young Finns Study, identified significant biomarkers that 
mediate the relationship between CVD and depression. These biomarkers include metabolites 
like creatinine, valine, and phospholipids in very large high-density lipoproteins (HDL), as well 
as lipids such as sphingomyelins (SM), phosphatidylcholines (PC), Phosphatidylglycerols (PG), 
triacylglycerols (TAG), and diacylglycerols (DAG). Additionally, we highlighted sex and body 
mass index (BMI) as important risk factors influencing the comorbidity.  
The proposed method addresses several limitations of previous approaches by incorporating 
multiple omics layers, accounting for non-linear correlations, and providing a weighted 
measure of biomarker contributions. This allows for a more nuanced understanding of disease 
associations and potential pathways. 
The findings of this study underscore the importance of a multidimensional approach in 
studying complex diseases. The multipartite projection method offers a powerful tool for 
uncovering the intricate biological mechanisms underlying comorbid conditions, paving the 
way for more targeted preventive and therapeutic strategies. Future research could expand 
this methodology to other disease pairs and incorporate additional omics datasets to further 
enhance our understanding of disease comorbidities.  



 

 
 
 
 

 

5.6. Appendix 
Table A 5.1 Details of variable codes of depressive symptoms. 

Variable codes Depressive symptoms 
b1 Sadness 
b2 Pessimism 
b3 Past failure 
b4 Loss of pleasure 
b5 Guilty feelings 
b6 Punishment feelings 
b7 Self-dislike 
b8 Self-criticalness 
b9 Suicidal thought or wishes 
b10 Crying 
b11 Agitation 
b12 Loss of interest 
b13 Indecisiveness 
b14 Worthlessness 
b15 Loss of energy 
b16 Changes in sleep pattern 
b17 Irritability 
b18 Changes in appetite 
b19 Concentration difficulty 
b20 Tiredness or fatigue 
b21 Loss of interest in sex 
beckpisteet Beck Depression Inventory (BDI) score 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 
 
 
 

Table A 5.2 Details of variable codes of CVD-related phenotypes. 

Variable codes CVD-related phenotypes 
dkv Diastolic KV blood pressure average, from the status form; mmHg 
syst Systolic blood pressure average, from the status form; mmHg 
fmd40 Change in diameter 40s-base; mm 
fmd40pr Change in diameter 40s-base in percentages; % 
fmd60 Change in diameter 60s-base; mm 
fmd60pr Change in diameter 60s-base in percentages; % 
fmd80 Change in diameter 80s-base; mm 
fmd80pr Change in diameter 80s-base in percentages; % 
maxfmd Maximum change in diameter; mm 
maxfmdpr Maximum change in diameter in percentages; % 
pp Pulse pressure 
idealCVH ideal cardiovascular health score 2007 
imtka Carotid IMT average; mm 
bbka Bulbus IMT average; mm 
imtmax Carotid IMT maximum; mm 
bbmax Bulbus IMT maximum; mm 
volscore Total calcium score in volume of all coronary arteries; mm3 

  



 

 
 
 
 

Table A 5.3 Details of variables codes in Table 5.1, 5.2 and Figure A 5.4. A. 

Omics Variable codes Variables 

Metabolites 

XLHDLPL Phospholipids in very large HDL; mmol/l 
SLDLTG Triglycerides in small LDL; mmol/l 
Val Valine; mmol/l 
Crea Creatinine; mmol/l 
Lue Leucine; mmol/l 
ApoBApoA1 Ratio of apolipoprotein B to apolipoprotein A-I 
SVLDLPL Phospholipids in small VLDL; mmol/l 
XSVLDLTG Triglycerides in very small VLDL; mmol/l 
LHDLFC Free cholesterol in large HDL; mmol/l 
LLDLFCPCT Free cholesterol to total lipids ratio in large LDL; % 
XXLVLDLTG Triglycerides in chylomicrons and extremely large 

VLDL;mmol/l 
XLVLDLCPCT Total cholesterol to total lipids ratio in very large 

VLDL; % 
LHDLL Total lipids in large HDL; mmol/l 
XXLVLDLL Total lipids in chylomicrons and extremely large 

VLDL;mmol/l 
XLHDLPLPCT Phospholipids to total lipds ratio in very large HDL; 

% 
XXLVLDLPLPCT Phospholipids to total lipds ratio in chylomicrons and 

extremely large VLDL; % 
LVLDLFCPCT Free cholesterol to total lipids ratio in large VLDL; % 

Lipids 

PC.38.4b Phosphatidylcholines 38:4b 
PE.32.1 Phosphatidylethanolamines 32:1 
SM.40.0 Sphingomyelins 40:0 
DAG.18.0.18.1. Diacylglycerols 18:0/18:1 
PG.36.1 Phosphatidylglycerols 36:1 
TAG.18.0.18.1.18.1...1 Triacylglycerols 18:0/18:1/18:1 +1 
PC.36.4b..2 Phosphatidylcholines 36:4b +2 
DAG.16.0.20.4. Diacylglycerols 16:0/20:4 
PI.34.1 Phosphatidylinositols 34:1 
TAG.16.0.18.0.18.1...1 Triacylglycerols 16:0/18:0/18:1 +1 
LPC.O.20.0 Lysophosphatidylcholines O-20:0 
DAG.18.1.20.4. Diacylglycerols 18:1/20:4 
DAG.16.0.20.4. Diacylglycerols 16:0/20:4 
SM.32.2 Sphingomyelins 32:2 
Cer.d16.1.18.0. Ceramides d16:1/18:0 
DAG.16.0.18.1. Diacylglycerols 16:0/18:1 
Cer.d18.2.18.0. Ceramides d18:2/18:0 
SM.32.1 Sphingomyelins 32:1 
PC.O.36.1 Phosphatidylcholine O-36:1 

 

  



 

 
 
 
 

Table A 5.4 Details of variable codes in Figure 5-6C and D. 

Omics Variable codes Variables 

Metabolites 

Crea Creatinine; mmol/l 
LHDLFC Free cholesterol in large HDL; mmol/l 
XLVLDLPLPCT Phospholipids to total lipds ratio in very large VLDL; 

% 
XLVLDLCPCT Total cholesterol to total lipids ratio in very large 

VLDL; % 
XLVLDLTGPCT Triglycerides to total lipids ratio in very large VLDL; % 
LVLDLCEPCT Cholesterol esters to total lipids ratio in large VLDL; % 
TotFA Total fatty acids; mmol/l 
SHDLCEPCT Cholesterol esters to total lipids ratio in small HDL; % 

Lipids 

SM.32.2 Sphingomyelins 32:2 
LPC.18.2_sn1 Lysophosphatidylcholines 18:2_sn1 
LPC.18.2_sn2 Lysophosphatidylcholines 18:2_sn2 
DAG.18.0.18.1. Diacylglycerols 18:0/18:1 
LPC.17.0_sn1 Lysophosphatidylcholines 17:0_sn1 
LPC.20.2_sn1 Lysophosphatidylcholines 20:2_sn1 
LPC.20.1_sn2 Lysophosphatidylcholines 20:1_sn2 
Cer.d20.1.22.0. Ceramides (d20:1/22:0) 
LPC.20.1_sn1 Lysophosphatidylcholines 20:1_sn1 
LPE.18.2_sn2 Lysophosphatidylethanolamines 18:2_sn2 

 
Table A 5.5 Details of variable codes in Figure 5-6E and F. 

Omics Variable codes Variables 

Metabolites 

XLHDLPL Phospholipids in very large HDL; mmol/l 
ApoBApoA1 Ratio of apolipoprotein B to apolipoprotein A-I 
Leu Leucine; mmol/l 
LHDLFC Free cholesterol in large HDL; mmol/l 
ile Isoleucine; mg 
Crea Creatinine; mmol/l 
LLDLFCPCT Free cholesterol to total lipids ratio in large LDL; 

% 
LHDLPLPCT Phospholipids to total lipds ratio in large HDL; 

% 
LHDLCPCT Total cholesterol to total lipids ratio in large 

HDL; % 
MVLDLP Concentration of medium VLDL particles; mol/l 

Lipids 

TAG.16.0.18.0.18.1...1 Triacylglycerols 16:0/18:0/18:1 +1 
TAG.18.0.18.1.18.1...1 Triacylglycerols 18:0/18:1/18:1 +1 
TAG.18.0.18.0.18.1. Triacylglycerols 18:0/18:0/18:1 
DAG.18.0.18.1. Diacylglycerols 18:0/18:1 
DAG.18.0.18.2. Diacylglycerols 18:0/18:2 
DAG.18.1.20.4. Diacylglycerols 18:1/20:4 
DAG.16.0.18.1. Diacylglycerols 16:0/18:1 
TAG.16.0.16.0.18.0. Triacylglycerols 16:0/16:0/18:0 
Cer.d18.1.24.1. Ceramides (d18:1/24:1) 
TAG.17.0.18.1.18.1. Triacylglycerols 17:0/18:1/18:1 

  



 

 
 
 
 

Table A 5.6 Details of variable codes in Figure A 5.4.B and C. 

Omics Variable codes Variables 

Metabolites 

Crea Creatinine; mmol/l 
Val Valine; mmol/l 
Leu Leucine; mmol/l 
Gp Glycoprotein acetyls07, mainly a1-acid 

glycoprotein; mmol/l 
Glc Glucose; mmol/l 
Pyr Pyruvate; mmol/l 
Alb Albumin 
Ile Isoleucine; mmol/l 
LLDLFCPCT Free cholesterol to total lipids ratio in large LDL; 

% 
XSVLDLTG Triglycerides in very small VLDL; mmol/l 
LHDLPLPCT Phospholipids to total lipds ratio in large HDL; % 

Lipids 

LPC.19.0_sn1 Lysophosphatidylcholines 19:0_sn1 
LPC.17.0_sn2 Lysophosphatidylcholines 17:0_sn2 
LPC.P.18.0 Lysophosphatidylcholines P-18:0 
LPC.19.0_sn2 Lysophosphatidylcholines 19:0_sn2 
PC.37.2 Phosphatidylcholines 37:2 
LPC.15.MHDA._sn1 Lysophosphatidylcholines (15-MHDA)_sn1 
PC.35.2.b Phosphatidylcholines 35:2b 
SM.36.0 Sphingomyelins 36:0 
Cer.d18.1.18.0. Ceramides (d18:1/18:0) 
LPC.O.24.2 Lysophosphatidylcholines O-24:0 
PC.40.5b Phosphatidylcholines 40:5b 

 

 
Figure A 5. 1MI-based variable filtering and redundancy reduction. A: Heatmap of the MI values between depressive 
variables. B: The probability density of the MI values between all variables in log scale. The dashed black line in the 
plot shows the horizontal line of MI = 1.25. 
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Figure A 5. 2 Person correlation coefficient (PCC) and Spearman correlation coefficient (SPCC) between mean total 
contribution score and jointness score. X-axis is the number of the top contributing biomarkers of interest. Y-axis is 
the value of correlation coefficient. 

 

 
Figure A 5. 3 Pearson correlation coefficients (PCC) against MI correlation between symptoms and metabolites. (A) 
PCC vs. MI. (B) PCC vs. Normalized MI (NMI). Red dots indicate the pairs of symptoms and top 10 identified 
metabolites. 
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Figure A 5. 4 Sensitivity analyses for the identification of top mediating biomarkers. A: The top mediating biomarkers 
identified by projection 1 in the significant multipartite MI correlation network. B: The top mediating biomarkers 
identified by projection 1 in the significant multipartite Pearson correlation network. C: The top mediating 
biomarkers identified by projection 2 in the significant multipartite Pearson correlation network. 

 

 



 

 
 
 
 

 
 

Figure A 5. 5 Significant biomarkers identified by projection definition 2 in multipartite MI correlation network 
against summary scores of CVD and depression. X-axis is the values of the summary depression score and CVD-
related score. Y-axis represents the values of identified significant biomarkers. Red lines and shadows in the plots 
represent mean values and standard deviation of significant biomarkers considering specific values of summary 
depression and CVD scores. 

 



 

 
 
 
 

 
 

Figure A 5. 6 Significant biomarkers identified projection definition 1 in multipartite Pearson correlation network 
(existing method introduced in literature) against summary scores of CVD and depression. X-axis is the values of the 
summary depression score and CVD-related score. Y-axis represents the values of identified significant biomarkers. 
Red lines and shadows in the plots represent mean values and standard deviation of significant biomarkers 
considering specific values of summary depression and CVD scores. 
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The problem is that evaluating all synergistic associations in a dataset requires evaluating all 
subsets of variables and computing a synergy score. This exponential growth limits the 
applicability of these approaches on large-scale datasets. For example, a dataset of 400 
variables has 10,586,800 sets of triplets and 1,050,739,900 sets of quadruplets. This means 
searching for higher-order associations beyond three variables has, until now, remained out of 
reach for many larger datasets. Indeed, many related works confine their search to a smaller 
set of variables in order to make their study feasible. We argue that this can sometimes be 
inappropriate as it may result in synergistic associations remaining undiscovered. 

We propose to identify the strongest synergistic associations of any order by using lower-order 
statistical features. We then embed these features into two stochastic search strategies and a 
direct network-based approach. The main idea is that computing these lower-order features is 
much less time-consuming than a direct brute-force approach, with the hypothesis that the 
search algorithms are still capable to predict top synergistic associations with high accuracy. 
Note that focusing on only the top synergistic associations simplifies the search task compared 
to brute force, because not a total ordering is sought; only a partial order of a small number of 
associations. 

The goal of understanding synergistic relationships between groups of variables has led to the 
formulation of algorithms for computing (the lower bound of) the amount of synergistic 
information in a given set, while also considering discretization, bias, and sample-size effects. 
However, there is currently no universally accepted metric in the informatics community for 
computing synergistic associations. Multiple heuristics exist for computing synergy, such as 
those based on partial information decomposition (PID) [8,9]. Alternative approaches are also 
computationally expensive, requiring various optimisations for computing synergistic random 
variables [10] or finding geodesics between sub-manifolds [11]. Even for more lightweight 
approaches, such as the O-information [12], the time complexity for computing sets of size p 
on a dataset with k variables is O(kp). Computing all possible sets has complexity of O(2k). This 
limits the applicability of these approaches on large-scale datasets. Our approaches are 
evaluated on two popular approaches: a bias-corrected O-information and a PID-based 
approach. However, we stress that our approach is general and not limited to any particular 
synergy measure. 

6.1.1. Search Algorithms 
We employ simulated annealing (SA) as a stochastic optimization algorithm aiming to converge 
towards a global minimum gradually, where the global minima is the most synergistic n-plet 
(set) in the data for a given set size n. However, repeated runs are often needed as SA can 
converge to local minima. To overcome these challenges, a particle swarm optimisation (PSO) 
allows several particles to traverse the search space simultaneously, sharing information about 
their individual successes. PSO is inherently parallelisabile and scable, and less prone to 
converge at local optima due to its collaborative nature. Having multiple particles in the search 
space reduces the likelihood of getting stuck in local minima, making it more robust in finding 
global minima in complex, multimodal landscapes. SA was applied in [13] to search for 
synergistic information using O-information. Our extension builds upon this approach, guiding 
the search toward synergistic sets by incorporating pairwise metrics in the decision process for 
proposing new sets to evaluate in each step of the algorithm. To our knowledge, no such search 
strategy has been used for other synergy metrics. 
In addition to stochastic optimization techniques we also investigate whether a more direct 
network-based approach could be used to find synergistic associations. For this, we 



















 

 
 
 
 

6.4.3. Reducing the number of synergistic sets to analyze: Remove triplets 
after computing synergy 

In order to reduce the number of triplets to be analyzed, we ran a naive heuristic on the n 
most synergistic triplets in the UKB NMR dataset, calculated using the O information, to 
identify and remove possible echo triplets. The filtering process involved iteratively selecting 
the most synergistic triplet and finding all other triplets with two common nodes. If the MI of 
the non-overlapping element was greater than p, then the less synergistic triplet was removed. 
This continued until all triplets had been checked. All accepted sets then have high synergy 

and low mutual information between the triplets. Figure 6 - 3 shows a grid of different 
thresholds for the top number of triplets, ranging from 100 to 10,000 in increments of 250, and 
the mutual information thresholds varied from 0 to 1 in 20 steps. For each combination, the 
number of accepted and rejected sets was recorded, and matrices of the proportions of 
accepted and rejected sets were constructed. We can see that analyzing the top 100 variables 
with a removal threshold of MI=0.6 leads to the removal of 62% of the triplets, while 
analyzing 1,100 variables with the same threshold would remove 80% of the triplets. This 
leads to a massive reduction in the number of triplets that need to be analyzed in 
hypernetworks,  statistically tested and interpreted by domain experts. 

6.4.4. Reducing the number of synergistic sets to analyze: Remove 
variables before computing synergy 

To reduce the computational burden of studying complex systems with a large number of 
variables, researchers often use feature selection methods to first reduce the number of 
variables to analyze. Methods such as Correlation-based Feature Selection, Mutual 
Information-based Feature Selection and Forward/Backward Selection often examine pairs of 
variables to determine which variables to remove before further analysis. However, we argue 
that it is crucial to account for all synergistic interactions without prematurely reducing the 
feature set. Performing feature selection before computing synergistic associations can 
overlook important synergies in the system. 

To illustrate this point, Figure 6-4 shows a set of four variables: Cholesterol in Medium LDL, 
Total Free Cholesterol, Total Esterified Cholesterol, and Phospholipids in Large HDL. Variables 
Cholesterol in Medium LDL and Total Free Cholesterol have a high mutual information score of 
1.2, placing them in the 97.6th percentile of all MI scores. However, these variables exhibit 
different synergy values when combined with other variables: the triplet of (Cholesterol in 
Medium LDL, Total Esterified Cholesterol, Phospholipids in Large HDL) is strongly synergistic in 

Figure 6-3 Prevalence of echoes in UKB NMR. If we select the top N synergistic sets in the data (y-axis) 
and then set a MI threshold for similarity (x-axis), the plot shows the proportion of synergistic sets that 
would remain after filtering. Most applications would lie in the bottom right of this figure. 















 

 
 
 
 

approaches for efficient search space navigation. 
Our novel methodology employs stochastic strategies SA and PSO, alongside a direct network-
based clique algorithm, to identify synergistic triplets. These methods alleviate the 
computational burden inherent to exhaustive searches, proving highly effective when applied 
to datasets with a vast number of variables. The integration of lower-order statis- tical features 
into the search algorithms enhances their ability to predict top synergistic associations with 
high accuracy. 
Our results demonstrate that while SA can identify highly synergistic triplets, it often gets 
trapped in local minima, requiring multiple runs to ensure comprehensive exploration. 
Conversely, the PSO algorithm, through its collaborative nature, prevents particles from 
getting stuck in local minima, thus achieving more robust results. The clique-based heuristic 
algorithm, though faster, serves as a preliminary assessment tool rather than a definitive 
method for synergy identification. 
Additionally, our study addresses the "echo problem," which arises when strong pairwise 
associations are connected to synergistic triplets, leading to an overestimation of synergistic 
sets. Specifically, if a strong pairwise association exists between two variables, it is likely that 
they can be interchanged in different synergistic triplets. This can lead to an explosion of 
identified triplets to analysis, many of which convey the same information. The echo problem 
significantly impacts the global network structure, altering node centrality, path length 
distributions, and clustering, which can mislead downstream analysis. We propose a naive 
regularization step incorporated into the global optimization process to filter out these 
spurious associations. By ensuring that only truly synergistic sets are retained, we improve the 
reliability and interpretability of the results. 
Furthermore, we caution against removing variables before computing synergy, as this could 
result in missing important information. Highly correlated variables often exhibit different 
synergies with other variables, and their removal could lead to the omission of critical 
synergistic interactions. We present examples demonstrating that retaining all variables 
until the synergistic interactions are fully explored allows for the discovery of additional 
synergies that would otherwise remain hidden. This approach ensures a more 
comprehensive and accurate understanding of the underlying complexities in the system. 
Future research should extend this approach to larger sets, explore additional synergy 
measures, and compute synergy at different orders beyond triplets. Further exploration of 
heuristic seeding for search algorithms and network community detection could enhance 
the efficiency and robustness of these methods. 

6.6. Conclusion 
From our study, we conclude that identifying significant and highly ranking synergistic triplets 
in large datasets is feasible using stochastic search algorithms. While a brute-force approach 
on our datasets requires about one week of continuous computation (single core), the SA and 
PSO algorithms take approximately two to three hours. The PSO algorithm outperforms SA 
in terms of robustness and while both strategies are effective in finding rare, highly 
synergistic triplets. The heuristic algorithm is even faster, providing an initial assessment of 
synergies, but a search algorithm follow-up is necessary for trustworthy results. 
In future work, we plan to explore whether seeding search algorithms with triplets identified 
by the heuristic algorithm can speed up the search without leading to local optima or 
excessive particle collisions. Thus, we expect that for such a heuristic seeding some additional 
procedure is required to prevent clustering of particles. One option could be to first perform 
a network community detection and then execute the heuristic algorithm per community, but 
there are many details to be explored such as preventing communities from becoming too 
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6.8. Appendix 

6.8.1. Appendix 1 
Table 6-2 Feature Combinations and respective RMSE Scores (Part 1) of the lightgbm model for 

predicting PID-based synergy scores in the UKB Biobank data 

 
 
 

Table 6-3 Feature Combinations and respective RMSE Scores (Part 2) of the lightgbm model for 
predicting PID-based synergy scores in the UKB Biobank data 

 
 
 





 

 
 
 
 

 
 

Table 6-5 Feature Combinations and respective RMSE Scores (Part 4) of the lightgbm model for 
predicting PID-based synergy scores in the UKB Biobank data

 

 
 
 

Table 6-6 Summary of PID Synergy Statistics for Different Strategies (UKB NMR Data)

 

 
 

Table 6-7 Proportion of PID Synergy Scores Above Ground Truth Percentiles for Different Strategies 
(UKB NMR Data)

 

 
 



 

 
 
 
 

Table 6-8 Summary of PID Synergy Statistics for Different Strategies (YFS Data)

 

 
Table 6-9 Proportion of PID Synergy Scores Above Ground Truth Percentiles for Different Strategies 

(YFS Data)

 

 
Table 6-10 Summary of Statistics for Different Strategies Using the O-information Measure (UKB NMR 

Data)

 

 





 

 
 
 
 

 
Figure 7-2: In the 'synernet' are the codes for constructing (hyper-) graphs and analyzing them, such as computing 

centrality metrics or identifying driver nodes. 
 

 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Figure 7-3: We also created demos which showcase selected scenarios using the code. A challenge, 
however, is the availability of the data that is used in some of the demos, since the data in the 

consortium cannot be freely made public. 
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