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Abstract
 

Overall or all-cause mortality is a key measure of health in a population. Multiple epigenome-wide 

association studies have been conducted on all-cause mortality with limited significant findings and 

low replication. In order to elucidate the co-regulated DNA methylation patterns associated with all-

cause mortality, we conducted a weighted DNA methylation co-regulation network analysis on 

whole-blood samples of 1,425 older individuals from the Lothian Birth Cohorts of 1921 and 1936.  

Our network-based analysis defined coregulated DNA methylation patterns in gene promoters into 

clusters or modules whose correlation with all-cause mortality was assessed by survival analysis.  We 

found two significant modules or gene clusters associated with all-cause mortality in LBC1921 based 

on their eigengenes; one negatively correlated (p=8.14E-03, 698 genes) and one positively correlated 

(p=4.26E-02, 1431 genes) with the risk of death. The two modules were replicated in LBC1936 with 

the same directions of correlation (p=6.35E-02 and p=3.64E-02, respectively). Furthermore, the 

modules revealed 32 genes associated with all-cause mortality (FDR<0.05) linked to various diseases, 

including cancer and diabetes. Additionally, we performed pathway analysis and found 22 pathways 

(FDR<0.05), including a pathway for taste transduction, which has been shown to be associated with 

poor prognosis in acutely hospitalized patients and several pathways were linked to different types of 

cancer. 

The results from our network analysis show that DNA methylation of multiple genes could have been 

co-regulated in an association with the overall risk of death. The identified epigenetic markers might 

help with our understanding of the molecular basis of all-cause mortality and general health.  

 

Keywords: all-cause mortality; epigenetics; promoter; network-based analysis; old birth 

cohorts 
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1. Introduction 

DNA methylation (DNAm) is a well-studied epigenetic marker in which methyl groups attach to the 

CG (CpG) content on the genome and thereby regulates gene expression. This is commonly seen in a 

gene’s promoter region, and it has been reported that gene expression has a negative correlation with 

promotor DNA methylation
1
. DNAm is one of the major epigenetic mechanisms through which the 

genome (nature) interacts with the environment (nurture) with a profound impact on individual health 

and well-being. Based on high-throughput measurements of DNAm, epigenome-wide association 

studies (EWAS) have been performed on various diseases and traits, including aging, (all-cause) 

mortality and their related phenotypes
2–5

. Such EWASs have to date been predominantly performed 

on single CpG sites, which ignores the interactive nature of gene regulation and gene activity. 

Recently, a wide range of full analysis pipelines has been published for analyzing genomic data and 

made available including,  the Weighted Gene Correlation Network Analysis (WGCNA)
6
. By 

performing the WGCNA, one can group genes into clusters of similar activity, unsupervised, and 

thereby find modules of supposedly similar behaving traits, e.g., related or interacting genes. The 

WGCNA has shown to be highly efficient and applicable within a broad number of applications 
7
,
8
 

given its network-based nature. 

Although studies of all-cause mortality have already been presented on methylation data collected on 

whole blood due to easy access
9
,
10

,
4
,
11

  with interesting results, they are usually presented with low 

replications and varying results across populations
12

, perhaps due to low statistical power in single 

marker-based analysis. To the best of our knowledge, no DNA methylation study on all-cause 

mortality has been performed using the WGCNA. 

In this paper, we combine WGCNA with survival analysis to identify modules of co-regulated genes 

for all-cause mortality in two cohorts of older people born in 1921 (discovery) and 1936 (validation) 

(Figure 1) and discuss implications of our significant findings.  
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2. Materials & Methods 

2.1. Samples 

Based on the Lothian Birth Cohorts (LBC) described by Deary et al.
13

, we used DNAm samples from 

participants born in either 1921 (LBC1921) or 1936 (LBC1936). We had access to a total of 2,195 

methylation samples from 1,425 participants with accompanying clinical traits such as carried apoE4 

type, cancer, cerebrovascular disease, cardiovascular disease, hypertension and smoking statuses (all 

binary) from waves ranging from 1 through 5. Data from the first wave only was used to ensure the 

largest number of unrelated individuals (1,425 samples) while avoiding the confounding effect of age, 

which affects both survival time (outcome) and DNA methylation levels. Whole-blood samples were 

gathered and analyzed with the Illumina Human Methylation BeadChip (450K). The basic cohort 

characteristics are presented in Table 1.  

2.2. Quality control (QC) and pre-processing 

We removed polymorphic probes with European allele frequency above 1% (10,627 CpGs), cross-

reactive probes (29,233 CpGs)
14

, CpGs with more than 5% missing values or detection P values > 

0.05 across all samples (89 CpGs) estimated using R package minfi
15

, we removed SNP-linked CpGs 

based on the list provided by RnBeads
16

 that had any SNP within the five first base-pairs (inclusive) 

of the CG position or more than five SNPs in the CpG probe target sequence (N=12,499, 

Supplementary File 1),  we removed SNP-linked CpGs based on the preprocessed lists from dbSNP
17

 

(version 132-147) provided by the R-package IlluminaHumanMethylation450kanno.ilmn12.hg19
18

 

(https://bioconductor.org/packages/release/data/annotation/html/IlluminaHumanMethylation450kanno

.ilmn12.hg19.html) (N=12,788, Supplementary File 2) with minor-allele-frequency with five or more 

percent in the single bases CG content or the CpG target sequence and sex-chromosome sites (X and 

Y, 11,648 CpGs) as probe-level QC. This left 419,716 out of the 485,512 CpGs to be analyzed. The 

SNP and cross-reactive datasets had varying but limited overlap. 

We then adjusted all the CpG’s beta-values by their residuals, using linear models adjusting for age 

and the four most contrasting cell-types (in order: Granulocytes, CD8T, CD4T, B lymphocytes) based 
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on their standard deviance and subsequently transformed the beta-values to M-values using the 

formula: M=log2(Beta/(1-Beta)). 

Finally, we took the mean of the summarized  CpG promotor regions for each gene (CpGs=176,899), 

in concordance with Jaio et al.
19

 This resulted in a new summarized gene promotor-methylation 

matrix (SGPMM), with 20,115 genes. The CpG to promoter region link was extracted from the 

Illumina 450K annotation file. This was done for LBC1921 and LBC1936 separately. 

2.3 Weighted Gene-Coregulation Network Analysis (WGCNA)  

The WGNCA pipeline is designed to group genotypes into clusters (modules) with nodes of similar 

patterns across samples, so-called eigengenes. This is usually done by hierarchical clustering based on 

Pearson’s correlation with additional information from a topological overlap matrix (TOM) to also 

take into account information about neighbors of each node. Resulting in clusters (modules) of 

genotypes with similar metrics. 

We conducted the WGCNA as proposed by Zhang and Horvath (2005)
20

 using the SGPMM for the 

LBC1921 for finding the co-regulated modules. We followed the traditional steps of the WGCNA 

algorithm as per the online tutorials provided by Horvath et al. 

(https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/), i.e., 

we performed the steps of network construction and module detection using an unsigned version of 

the TOM
6
.   

2.4. Correlating modules with external traits 

Based on each modules’           (first principal component), we performed a survival analysis 

based on Cox models, to test for association with all-cause mortality, using the formula: 

              (            )                 

Where        is either death or censor and      is calculated as the time of blood sampling to time of 

the event.  
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Furthermore, we performed logistic regression to check for confounders (comorbidities) for different 

known disease statuses found within our clinical annotations. These include; apoE4, Cancer, 

Cerebrovascular, Cardiovascular, Hypertension and Smoking status, and was calculated using the 

formula: 

                                         

Using the glm R function
21

 with regression family as binomial. All                tested were binary, 

expect for smoking which was divided into groups of current, ex- and never smokers. We converted 

ex- smokers into never assuming they also made other life-improving changed such as eating healthy 

or doing exercise and, therefore, would have more similar health compared to the never smokers than 

the current smokers.  

2.5. Module validation 

As in any study, it is important to validate findings based on separate independent samples to rule out 

findings found by chance. We first performed WGCNA on samples from LBC1921 and found a set of 

modules associated with external traits (including all-cause mortality) through their eigengenes. In 

order to validate the associations of these modules, we calculated the eigengenes for LBC1936 for the 

same modules as defined by LBC1921 and associated these with the same set of traits. 

This allows us to assess whether these findings are robustly conserved
22

. 

2.6. Gene-based survival analysis  

We built Cox models for each gene in the SGPMM, adjusting for     to find the individual genes’ 

association to all-cause mortality (note: The initial CpGs were already adjusted for cell-composition 

through initial linear models’ residuals and age is approximately the same for all individuals in the 

cohort). We performed this on each cohort separately. 
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              (            )            

Where        is either death or censor and      is calculated as the time of blood sampling to time of 

the event. 

2.7. Hub-gene correlation with all-cause mortality 

We tested the HUB-gene importance in both modules by testing the correlation between the genes’ 

internal weighted edge sum (often referred to as intramodular k in WGCNA context) versus the 

genes’ p-values from the survival analysis (on a -log10 scale), to see if genes with higher edge sum 

were also more significant, i.e., hub-genes are more associated with all-cause mortality. 

2.8. Gene-Set Enrichment Analysis 

We performed gene-set enrichment analysis (GSEA) from Broad Institute’s Molecular Signatures 

Database (MSigDB)
23

 (http://software.broadinstitute.org/gsea/msigdb/index.jsp) by uploading lists of 

genes. We chose the set of pathways from the KEGG (N=186) as our pathway space to look for 

pathways related to diseases, genomics and molecular interactions.  

For both modules, we only used the genes with p-value < 0.05 and the same survival analysis 

coefficient direction as the eigengene all-cause mortality coefficient direction. 

2.9. Gene Ontology Term Analysis 

We performed gene ontology (GO) term analysis using the enrichment tool from MSigDB, for each of 

the three types of GO functionalities, biological process (BP), molecular function (MF) and cellular 

component (CP), using the background GO sets available at MSigDB. 

For both modules, we only used the genes with p-value < 0.05 and the same survival analysis 

coefficient direction as the eigengene all-cause mortality coefficient direction. All sets were capped at 

a maximum of 100 processes per analysis i.e., 100 GO terms maximum. 
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3. Results 

3.1. Primary WGCNA and gene-based survival analysis 

By following the traditional procedures of the WGCNA using the LBC1921 dataset (outlined in the 

methods section 2.3), we obtained a total of 11 gene modules, ranging from 343 to 6846 in size. The 

construction plots of the WGCNA can be seen in Figure 2. Here we found that 7 best fits the scale-

free topology (Figure 2a). We did module merging of modules with similar behavior to reduce the 

number of modules (and remove smaller modules, Figure 2b). The final cluster dendrogram can be 

seen in Figure 2c (Merged dynamic). The number of genes in each module can be found in Table 3. 

Subsequently, we tested the association of each module with all-cause mortality and checked for 

confounders among comorbidities, as described in section 2.4 (Table 2), separately for each cohort 

(section 2.5). 

We found two significant modules associated with all-cause mortality in LBC1921 based on their 

eigengenes; black (p=8.14E-03, #genes=698) and yellow (p=4.26E-02, #genes=1431). The black 

(coeff=-3.2) module had a decreased effect with increasing eigengene values and the yellow 

(coeff=2.5) module had an increasing effect with increasing eigengene value. In addition, the yellow 

module was suggestively associated with cancer status (p=6.02E-02). The black module showed no 

association with any of the comorbidities we tested.  

Repeating this procedure for the LBC1936 for the modules found using LBC1921. The black module 

had a borderline significant p-value of 6.35E-02, and the yellow module was significantly validated 

with a p-value of 3.64E-02, both with the same coefficient direction as in the LBC1921. In addition, 

the yellow module was significantly associated with apoE4 (3.39E-02) and suggestive associated with 

smoking status (7.00E-02). The LBC1921 also had the turquoise module as suggestive associated with 

all-cause mortality (8.80E-02), but it was not associated with the LBC1936, and also, due to its large 

size of 6846 genes it was removed from further analysis.  

To further investigate the effect of all-cause mortality, we performed survival analysis as described in 

section 2.6, by fitting Cox models for each gene in our dataset (N=20,115), for LBC1921 and 
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LBC1936 separately. We then grouped these by modules found in using the WGCNA method. The 

results can be found in Table 3, a detailed list for all genes can be found in Supplementary File 3.  

Based on the LBC1921 results from Table 3, we see that among the 29 genes with FDR < 0.05 and 

negative coefficients with respect to all-cause mortality, 25 (86%) belong to the black module. 

Furthermore, the black module only has significantly all-cause mortality associated genes with a 

negative coefficient (N=214, p < 0.05). Focusing on the yellow module, we see that out of the 7 genes 

with FDR < 0.05 and positive coefficients with respect to all-cause mortality, all 7 (100%) were 

located in the yellow module. Even though the yellow module had 2 genes with FDR < 0.05 and 28 

genes with p-value significance < 0.05 having negative coefficients, a total of 281 genes (p < 0.05) 

had positive coefficients. The rest of the modules seemed not interested based on the number of genes 

with FDR < 0.05. 

A quick comparison of these results to the ones from the LBC1936 gene survival analysis (Table 3), 

we see that 111 of the genes in the black module and 314 genes in the yellow module had p < 0.05 for 

the same directions as before. The black module only had 1 gene, while the yellow module had 22 

genes with opposite direction and p < 0.05, again displaying similar behavior compared to the 

LBC1921 survival analysis. 

Based on these results, combined with the initial module discovery and trait associations, we selected 

the black and yellow modules for further investigations. Interestingly, the black and yellow modules 

were the most dissimilar both in terms of the hierarchical clustering in the WGCNA steps (Figure 2b) 

and their coefficients for their association with all-cause mortality (Table 2). 

3.2. Investigating the black and yellow modules 

We filtered the list of genes in the black and yellow modules with FDR < 0.05 in LBC1921, with the 

same coefficient direction in both LBC1921 and LBC1936  (Table 4). Here, the black module had 21 

genes, of these, 6 (29%, C3orf45, CEACAM8, CSF2, SLC2A7, SNORD32A, SNORD42A) were 

replicated in the LBC1936 with p < 0.05, and additionally 3 (14%, IL1RN, SLC2A7, HEPACAM) 

more genes had a suggestive p-value replication with p < 0.10.  
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The yellow module had 7 genes in this list, 2 (29%, SNTG2, MTUS1) of which were significantly 

replicated in LBC1936 with p < 0.05 and 2 (29%, DCC, KCNK1) more genes suggestively replicated 

with p < 0.10. 

We further investigated genes in each module for their internal connectivity, i.e., the sums of their 

internal weights (Figure 2d-e) to see if all-cause mortality associated genes were also more connected 

(see section 2.7). Biologically, hub-genes are believed to have a central role in pathway interactions.  

We found that for both modules, having higher connectivity also tended to have lower p-values for the 

LBC1921. This was highest for the yellow module, which for the set of genes with positive all-cause 

mortality associations had a correlation of 0.26 and a p-value of 1.7E-19 (Figure 2e). This was 

confirmed in the LBC1936 with a correlation of 0.29 and a p-value of 1.6E-25 (Supplementary File 

5).  

For the black module, however, the correlation was 0.14 with a p-value of 3.5E-4 (Figure 2d) and 

showed the opposite correlation of -0.18 in the LBC1936 with a p-value 1E-05 (Supplementary File 

4).  

Subsequently, we made box-plots for the connectivity of each gene for both modules (Supplementary 

File 6) to find outliers that were outside of the normal distributions (above third quantile (Q3) + 3 * 

IQR). Here we found that genes with a connectivity of >= 9.64 for the yellow module and >= 5.05 for 

the black module were outside the normal connectivity range for each module, and hence we deemed 

those genes to be hub genes of the module. 

In Table 5, we list genes that had at least the connectivity of the hub genes threshold for each gene in 

both of the LBC1921 and LBC1936 networks and had a p-value < 0.05 in the LBC1921 survival 

analysis. Here we found that 9 genes in the black module satisfy these conditions where 1 gene 

(SNORD32A) was significantly replicated with a p-value < 0.05 in LBC1936 and 1 gene (PRR15L) 

was suggestively replicated in LBC1936 with a p-value < 0.10. For the yellow module, 5 genes 

satisfied the conditions, with 3 genes (AADAT, ST6GAL2, SOX11) being significantly replicated in 

LBC1936 with a p-value < 0.05. These steps are explained in the methods section 2.7. 
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To further elucidate the black and yellow module we performed GSEA based on the gene-sets from 

the KEGG database using the online tools from MSigDB outlined in the methods section 2.8, using 

only the genes with p-values < 0.05 and the same direction as the eigengene associations i.e. negative 

coefficients for the black module and positive coefficients for the yellow module. The results for 

pathways with an FDR < 0.05 are listed in Table 6. 

For the black module, we found 2 pathways, one for taste transduction and one for cytokine-cytokine 

receptor interaction, which is an important pathway for glioblastoma, this pathway was also found in 

the yellow module. 

For the yellow module, we found 20 pathways, of these, 7 (35%) were pathways involved in cancers, 

2 (10%) pathways were related to diabetes, 6 (30%) were related to various cell-cell interactivity such 

as; extracellular matrix receptor interaction, melanogenesis, adhesions and junctions. Additionally, 

two pathways were related to vascular diseases.  

Finally, in addition to the pathway analysis, we performed GO term enrichment analysis through the 

MSigDB to look for functional explanations to the gene sets of the black and yellow modules as 

described in methods section 2.9. For the black module, we found 100 biological process, 53 

molecular function, and 39 cellular component terms while for the yellow module we found 100 terms 

for all sets with FDR < 0.05, note here that we retrieved a maximum of 100 terms per type of 

function, the full list of all terms can be found in Supplementary Files 7 through 12. 

4. Discussion 

By utilizing the WGCNA, a powerful approach for gene co-regulation network module detection, we 

found two modules significantly associated with all-cause mortality in both cohorts (Table 2). Based 

on the association in Table 2, the robustness of the two modules was conserved in both cohorts for all-

cause mortality. Most of the other traits were found to be associated with the module eigengenes but 

were not conserved across the cohorts. 
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In LBC1921, we found 32 genes with FDR < 0.05 within these two modules. Of these 32 genes, we 

found that at least 11 has been reported to be cancer-associated. Among these, IL1RN (FDR=3.07E-

02), the top gene in the black module, was found to be associated with gastric cancer
24

.   

In the list, we also found cancer genes from the SNOR family in the black module (small nucleolar 

RNA, N=4), which had also been reported to be associated with lung cancer
25

. Interestingly, there was 

an additional SNOR family gene SNORA5A among the hub genes. 

Note further that, because the black module was associated with a negative coefficient for all-cause 

mortality, high promoter methylation of genes in the module are associated with protective effects. 

For example, patients with urothelial carcinoma had poor prognosis when they had an overexpression 

of the gene colony stimulating factor 2 (CSF2)
26

. The negative coefficient for this gene (-0.33, 

FDR=4.71E-02) means high promotor DNAm is associated with better prognosis, perhaps, because of 

reduced gene activity. 

Among the cancer genes in the yellow module, DCC (deleted in colorectal carcinoma) is a very well 

studied (suspective) tumor suppressor that is absent in various cancers
27

. Another gene,  MTUS1, has 

been reported to suppress both breast cancer
28

 and colon cancer
29

. Their positive coefficients in the 

yellow module should be interpreted as; higher promoter methylation (down-regulation) of the genes 

is associated with increased risk of death, potentially due to cancer incidences as a result of gene-

silencing. Moreover, 2 genes were found to be associated with diabetes, 3 genes were found to be 

associated with metabolism, and 3 genes were found to transcribe cytokine proteins. Interestingly, 

both modules were enriched for the pathway 

KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION, an important pathway for 

glioblastoma
30

. 

We found a total of 14 hub genes in both modules with a p-value < 0.05. In the list of hub genes, 8 

were cancer-associated genes. In the black module, these include PRR15L, a gene linked to colon 

cancer
31

; TREH a gene that was associated with glioma
32

 And HIPK4  associated with cancer through 

interactions with P53
33

. In the yellow module, we found the gene CACNA2D3 that when methylated, 
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has been shown to give a poor prognosis for patients with gastric cancer
34

. Only the SNORD32A gene 

was also in the list of genes with FDR < 0.05 in LBC1921. 

By performing GSEA, we found a total of 22 pathways, 2 for the black module and 20 for the yellow 

module, all with FDR < 0.05. Besides the cytosine pathway, the other pathway in the black module 

was KEGG_TASTE_TRANSDUCTION, a phenomenon also studied in the elderly in terms of 

mortality
35

. It was shown that patients with acute hospitalization who was taste impaired also suffered 

greater risk in terms of mortality. Additionally, 7 pathways were linked to various types of cancers, 

notably among these were, KEGG_PATHWAYS_IN_CANCER a network of many cancerous 

interactions and KEGG_CALCIUM_SIGNALING_PATHWAY, which was also shown to be 

hypermethylated in a large scale DNAm expression analysis of 12 solid cancers
36

.  

As shown in the results, many genes and functional pathways identified in this study are cancer-

related. It is, however, necessary to point out that the phenomenon can also be due to the fact that this 

study is targeted toward the gene promoter regions. More research is needed in summarizing the 

overall methylation level of a gene to cover both the promoters and beyond to obtain more 

comprehensive and unbiased assessments. 

To conclude, we have shown that the WGCNA approach identified biologically meaningful gene 

clusters with respect to all-cause mortality. The gene clusters identified were significantly enriched 

for biological pathways and hub-genes implicated in cancer and aging-related diseases. Our study 

illustrates the usefulness of network-based analysis and the high value of old birth-cohorts in 

exploring the epigenetic variations associated with all-cause mortality.   
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Figure captions: 

Figure 1: Overview of the study design. 

Figure 2: Plots of the traditional WGCNA steps and hub-gene correlations. (a) Pseudo-R2 for network 

scale-independence for various values on the left with their corresponding mean connectivity to the 

right in LBC1921. (b) Hierarchical clustering of the modules with red-line as the cutoff point for 

merging of modules. (c) Cluster-dendrogram for the genes in LBC1921, before and after merge. (d) 

Hub-gene test for the black module in LBC1921. (e) Hub-gene test for the yellow module in 

LBC1921. 
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Tables: 

Dataset LBC1921 LBC1936 Total 

N 476 949 1,425 

Women  286 (60%) 471(50%) 757 (53%) 

Deaths 365 (77%) 154 (16%) 519 (36%) 

Mean Age (SD)  79.1 (0.6) 69.5 (0.8)  - 

Mean Age at Death (SD) 89.16 (1.84) 78.61 (1.84) - 

Year of blood sampling 1999 2004  

Table 1: Summary of demographic parameters of the Lothian Birth Cohorts (LBC1921 and 

LBC1936). 
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LBC1921 Mortality apoE4 Cancer Cerebrovascular Cardiovascular Hypertension Smoking 

black -3.2 (8.14E-03) -1.3 (5.68E-01) 4.3 (3.03E-01) -4.6 (2.06E-01) 2.6 (3.58E-01) 0.78 (7.06E-01) 2.9 (1.49E-01) 

blue 0.4 (7.14E-01) -0.53 (8.14E-01) 4.3 (2.98E-01) 7.8 (4.46E-02) -0.31 (9.10E-01) -0.73 (7.22E-01) -1.3 (5.11E-01) 

brown -0.46 (6.72E-01) -1.1 (6.32E-01)   4 (3.28E-01) 1.3 (7.35E-01)   1 (7.14E-01) -0.72 (7.25E-01) 0.72 (7.25E-01) 

green -0.27 (8.12E-01) 1.8 (4.24E-01) -2.3 (5.84E-01) -0.085 (9.82E-01) -8.2 (8.30E-03) 1.8 (3.78E-01) -8.3 (9.13E-05) 

grey -0.77 (5.01E-01) -0.44 (8.46E-01) -1.8 (6.73E-01) -0.098 (9.79E-01) 1.8 (5.14E-01) -3.1 (1.45E-01)   5 (1.78E-02) 

magenta 1.3 (2.66E-01) 1.8 (4.25E-01) 4.7 (2.76E-01) 6.8 (8.69E-02)*  -1 (7.06E-01) 0.52 (7.99E-01) 0.6 (7.68E-01) 

purple -1.3 (2.40E-01) -2.5 (2.73E-01) 2.3 (5.69E-01) 0.67 (8.56E-01) -1.6 (5.53E-01) -1.8 (3.80E-01) -4.6 (2.50E-02) 

red 3.5 (5.68E-01) -4.8 (6.81E-01) 8.4 (6.82E-01) 4.8 (7.98E-01)  16 (2.57E-01)  17 (1.14E-01) -2.7 (7.98E-01) 

turquoise -1.9 (8.80E-02)*  -2 (3.77E-01) 0.92 (8.17E-01) -6.4 (1.18E-01) -1.2 (6.72E-01) -0.052 (9.80E-01) -3.9 (5.65E-02)* 

yellow 2.5 (4.26E-02) -0.19 (9.35E-01) -8.3 (6.02E-02)* 2.1 (5.66E-01) 3.2 (2.41E-01)   1 (6.24E-01) 0.52 (8.01E-01) 

LBC1936 Mortality apoE4 Cancer Cerebrovascular Cardiovascular Hypertension Smoking 

black -4.7 (6.35E-02)* -0.23 (9.16E-01) -2.6 (2.91E-01) 3.2 (3.61E-01) 2.8 (1.92E-01) -1.7 (3.98E-01) -0.35 (8.62E-01) 

blue 0.29 (9.05E-01) 0.36 (8.71E-01) 1.1 (6.61E-01) -7.2 (2.28E-02) 0.92 (6.70E-01) -1.2 (5.34E-01) -1.4 (5.04E-01) 

brown -0.45 (8.57E-01) -1.2 (5.74E-01) 0.36 (8.87E-01) -4.2 (2.27E-01) 0.26 (9.06E-01) 0.56 (7.80E-01) 0.14 (9.47E-01) 

green  -2 (4.25E-01)   2 (3.73E-01) -0.99 (6.90E-01) -8.7 (8.71E-03) -0.98 (6.47E-01)  -1 (6.18E-01) -1.8 (3.74E-01) 

grey 0.84 (7.43E-01) -3.8 (8.27E-02)* -1.1 (6.68E-01) -3.1 (3.63E-01) 0.36 (8.69E-01) 0.64 (7.49E-01) 1.3 (5.21E-01) 

magenta 0.19 (9.37E-01) -1.2 (5.80E-01) 0.05 (9.84E-01) -5.9 (7.26E-02)* 0.6 (7.81E-01) -0.26 (8.97E-01) -0.75 (7.10E-01) 

purple -1.2 (6.24E-01) 2.7 (2.18E-01) 1.1 (6.67E-01) -4.9 (1.58E-01) 0.64 (7.64E-01) -0.45 (8.22E-01) -1.7 (4.07E-01) 

red -6.2 (6.01E-01) -14 (1.84E-01) -2.1 (8.59E-01) -22 (1.75E-01) -6.4 (5.27E-01) -1.2 (9.00E-01) -18 (5.69E-02)* 

turquoise -1.9 (4.51E-01) -0.34 (8.78E-01) -0.58 (8.16E-01) 1.8 (5.91E-01) -0.35 (8.72E-01) 1.9 (3.35E-01) 1.3 (5.21E-01) 

yellow 5.1 (3.64E-02) -4.8 (3.39E-02) -1.6 (5.23E-01) -2.7 (4.41E-01) -1.5 (4.98E-01) 0.94 (6.39E-01) 3.7 (7.00E-02)* 

Table 2: Eigengene associations with all-cause mortality and comorbidities. All comorbidities 

are binary statuses. *Suggestive association with p < 0.10. 
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LBC1921 LBC1936 

Module #Genes p < 0.05 (-) FDR < 0.05 (-) p < 0.05 (+) FDR < 0.05 (+) p < 0.05 (-) FDR < 0.05 (-) p < 0.05 (+) FDR < 0.05 (+) 

black 698 214 25 0 0 111 1 1 0 

blue 2196 29 1 51 0 31 0 25 0 

brown 2120 73 0 20 0 66 0 24 0 

green 959 32 0 6 0 50 0 7 0 

grey 3939 278 0 73 0 313 4 41 0 

magenta 699 1 0 60 0 5 0 1 0 

purple 343 15 0 0 0 18 0 2 0 

red 884 29 1 26 0 43 1 9 0 

turquoise 6846 901 0 96 0 335 0 29 0 

yellow 1431 28 2 281 7 22 0 314 1 

Total 20115 1600 29 613 7 994 6 453 1 

Table 3: Gene-based survival analysis. (-) indicates a negative coefficient and (+) indicates a 

positive coefficient with respect to the all-cause mortality association. FDR is calculated per 

module. Black and yellow modules have been underlined. 
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Module Gene LBC1921 (p) LBC1921 (coef) LBC1936 (p) LBC1936 (coef) LBC1921 (FDR) LBC1936 (FDR) 

black IL1RN 4.40E-05 -0.43 5.28E-02* -0.252 3.07E-02 3.19E-01 

black C3orf45 1.14E-04 -0.40 4.05E-04 -0.510 3.96E-02 5.67E-02* 

black CEACAM8 8.18E-04 -0.43 2.74E-02 -0.419 4.71E-02 2.32E-01 

black CSF2 9.45E-04 -0.33 1.14E-03 -0.514 4.71E-02 5.67E-02* 

black EPB49 4.11E-04 -0.48 5.73E-01 -0.108 4.71E-02 7.92E-01 

black FFAR1 4.14E-04 -0.31 3.13E-01 -0.108 4.71E-02 6.18E-01 

black IRGC 4.15E-04 -0.38 1.30E-01 -0.225 4.71E-02 4.40E-01 

black LOC100128239 7.18E-04 -0.34 5.66E-01 -0.082 4.71E-02 7.89E-01 

black SSC5D 9.08E-04 -0.38 2.02E-01 -0.200 4.71E-02 5.27E-01 

black SLC2A7 3.20E-04 -0.44 3.96E-02 -0.328 4.71E-02 2.68E-01 

black T-SP1 6.63E-04 -0.26 7.91E-01 -0.030 4.71E-02 8.96E-01 

black ARHGAP27 1.10E-03 -0.39 2.74E-01 -0.163 4.80E-02 6.03E-01 

black ASB10 1.10E-03 -0.52 7.94E-02* -0.350 4.80E-02 3.60E-01 

black HEPACAM 1.45E-03 -0.34 6.10E-02 -0.318 4.82E-02 3.27E-01 

black PDE6G 1.36E-03 -0.39 3.24E-01 -0.169 4.82E-02 6.28E-01 

black SNORD32A 1.17E-03 -0.38 2.68E-02 -0.341 4.82E-02 2.32E-01 

black SNORD115-30 1.43E-03 -0.29 2.31E-01 -0.145 4.82E-02 5.70E-01 

black ZP3 1.26E-03 -0.36 3.58E-01 -0.153 4.82E-02 6.58E-01 

black SNORA68 1.67E-03 -0.31 4.68E-01 -0.100 4.86E-02 7.14E-01 

black SNORD42A 1.54E-03 -0.40 1.49E-02 -0.431 4.86E-02 1.83E-01 

black LOC158376 1.75E-03 -0.37 2.71E-01 -0.156 4.89E-02 6.03E-01 

Module Gene LBC1921 (p) LBC1921 (coef) LBC1936 (p) LBC1936 (coef) LBC1921 (FDR) LBC1936 (FDR) 

yellow SNTG2 4.75E-07 0.19 5.00E-02 0.11 6.80E-04 2.13E-01 

yellow DCC 1.59E-04 0.33 6.93E-02* 0.23 4.69E-02 2.37E-01 

yellow GHSR 2.00E-04 0.23 4.41E-01 0.06 4.69E-02 6.09E-01 

yellow KCNK1 2.95E-04 0.16 8.79E-02* 0.10 4.69E-02 2.65E-01 

yellow MTUS1 1.40E-04 0.14 2.16E-02 0.13 4.69E-02 1.52E-01 

yellow WNT7B 2.93E-04 0.23 8.11E-01 0.02 4.69E-02 8.79E-01 

yellow ZNF354C 2.56E-04 0.21 4.51E-01 0.06 4.69E-02 6.14E-01 

Table 4: Genes with FDR < 0.05 in LBC1921 for black (top) and yellow (bot) modules ordered 

by their p-values. For the black module, only genes with negative coefficients have been added 

and vice-versa for the yellow module. *Suggestive significance with values < 0.10. 
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Module Gene LBC1921 Weight Sum LBC1936 Weight Sum LBC1921 (p) LBC1921 (coef) LBC1936 (p) LBC1936 (coef) LBC1921 (FDR) 

black SNORD32A 5.82 6.33 1.17E-03 -0.38 2.68E-02 -0.34 4.82E-02 

black PRR15L 6.46 6.02 6.10E-03 -0.23 7.62E-02 -0.23 7.34E-02* 

black CLCNKB 6.63 8.48 3.40E-03 -0.25 1.40E-01 -0.18 6.52E-02* 

black VTCN1 6.77 5.60 1.30E-02 -0.31 3.93E-01 -0.15 8.60E-02* 

black SNORA5A 7.10 5.88 2.46E-02 -0.27 5.03E-01 -0.12 1.20E-01 

black TREH 7.22 6.15 2.21E-02 -0.22 3.04E-01 -0.15 1.14E-01 

black HIPK4 7.71 7.10 3.01E-02 -0.20 6.51E-01 -0.06 1.33E-01 

black LOC100128003 7.92 5.84 4.22E-02 -0.24 4.58E-01 -0.14 1.52E-01 

black MIR328 9.08 7.21 4.91E-03 -0.27 6.23E-01 -0.07 7.14E-02* 

Module Gene LBC1921 Weight Sum LBC1936 Weight Sum LBC1921 (p) LBC1921 (coef) LBC1936 (p) LBC1936 (coef) LBC1921 (FDR) 

yellow FAM38B 12.17 10.31 7.79E-03 0.16 1.66E-01 0.12 1.32E-01 

yellow CACNA2D3 12.55 10.06 7.08E-03 0.19 1.11E-01 0.17 1.29E-01 

yellow AADAT 20.21 10.57 3.49E-02 0.11 9.46E-03* 0.21 2.14E-01 

yellow ST6GAL2 24.76 13.54 1.95E-02 0.08 2.09E-02 0.10 1.79E-01 

yellow SOX11 25.50 15.37 1.15E-02 0.21 2.13E-02 0.27 1.49E-01 

Table 5: HUB Genes with p-value < 0.05 in LBC1921 for black (top) and yellow (bot) modules 

ordered by LBC1921 weight sum. For the black module, only genes with negative coefficients 

have been added and vice-versa for the yellow module. Only genes that are HUB genes in both 

LBC1921 and LBC1936 has been included. *Suggestive significance with values < 0.10. 
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Module Pathway Description p-value FDR q-value 

black KEGG_TASTE_TRANSDUCTION Taste transduction 2.46E-05 4.57E-03 

black KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION Cytokine-cytokine receptor interaction 1.70E-04 1.58E-02 

Module Pathway Description p-value FDR q-value 

yellow KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION Neuroactive ligand-receptor interaction 8.07E-37 1.50E-34 

yellow KEGG_CALCIUM_SIGNALING_PATHWAY Calcium signaling pathway 1.14E-09 1.06E-07 

yellow KEGG_PATHWAYS_IN_CANCER Pathways in cancer 2.15E-09 1.33E-07 

yellow KEGG_HEDGEHOG_SIGNALING_PATHWAY Hedgehog signaling pathway 1.06E-08 4.93E-07 

yellow KEGG_MATURITY_ONSET_DIABETES_OF_THE_YOUNG Maturity onset diabetes of the young 2.96E-08 1.10E-06 

yellow KEGG_BASAL_CELL_CARCINOMA Basal cell carcinoma 8.19E-08 2.27E-06 

yellow KEGG_AXON_GUIDANCE Axon guidance 8.55E-08 2.27E-06 

yellow KEGG_MELANOGENESIS Melanogenesis 4.42E-07 1.03E-05 

yellow KEGG_FOCAL_ADHESION Focal adhesion 9.25E-07 1.91E-05 

yellow KEGG_VASCULAR_SMOOTH_MUSCLE_CONTRACTION Vascular smooth muscle contraction 2.39E-06 4.45E-05 

yellow KEGG_TIGHT_JUNCTION Tight junction 2.98E-06 5.03E-05 

yellow KEGG_ECM_RECEPTOR_INTERACTION ECM-receptor interaction 9.34E-06 1.45E-04 

yellow KEGG_CELL_ADHESION_MOLECULES_CAMS Cell adhesion molecules (CAMs) 1.46E-05 2.08E-04 

yellow KEGG_GAP_JUNCTION Gap junction 9.50E-05 1.26E-03 

yellow KEGG_TYPE_II_DIABETES_MELLITUS Type II diabetes mellitus 5.29E-04 6.55E-03 

yellow KEGG_TGF_BETA_SIGNALING_PATHWAY TGF-beta signaling pathway 1.16E-03 1.35E-02 

yellow KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION Cytokine-cytokine receptor interaction 1.45E-03 1.58E-02 

yellow KEGG_ADHERENS_JUNCTION Adherens junction 1.72E-03 1.78E-02 

yellow KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_ARVC Arrhythmogenic right ventricular cardiomyopathy (ARVC) 1.88E-03 1.84E-02 

yellow KEGG_WNT_SIGNALING_PATHWAY Wnt signaling pathway 2.28E-03 2.12E-02 

Table 6: KEGG pathways for black (top) and yellow (bot) modules ordered by their FDR 

values. For the black module, only genes with negative coefficients have been used in the 

analysis and vice-versa for the yellow module.  
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