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1. Understanding health and disease by studying genetics and the environment
In recent years there has been a focus on explaining phenotypes and diseases using genetic
approaches. So far, hundreds of genome-wide association studies (GWAS) in many different
disease phenotypes and traits have been performed and led to the identification of thousands
of genetic variants that influence the predisposition to common diseases1. For instance,
large case-control GWAS have been performed on inflammatory bowel disease2 (IBD), type
2 diabetes3 (T2D), and on common traits such as height4 and body mass index5 (BMI). Using
variants identified by GWAS we can explain a proportion of the variation in traits between
individuals. Expanding the GWAS studies with more samples leads to more loci being
identified and more accurate effect-size estimates. For example, in 2008, three independent
GWAS studies on height were published at the same time6–8 and reported between 12 and
27 genome-wide significantly associated loci (P < 5 x 10-8) in studies of between 15,000
and 30,000 samples. These height-associated loci explained up to 3.7% of individual variation
in height. In the following years, the sample sizes increased almost 10 times, to 253,288
individuals, and the number of genome-wide significantly associated height loci (or SNPs)
rose sharply to 6974. The explained variance in height has now risen to 16% when considering
these 697 SNPs, or even to 29% if we also include SNPs that are likely relevant but that did
not reach genome-wide significance4. It is to be expected that even larger GWAS studies on
height and other phenotypes will yield many more variants and more accurate effect-sizes for
the variants identified, such that the proportion of explained variance will rise even further.
However, recent studies have also shown there is a limit to the extent that common genetic
variants can be used for predicting disease or other phenotypes. For instance, it has been
estimated that approximately 30 – 40% of the variation in height is unlikely to be explained by
genetic variants9. This is because, for nearly all complex diseases and traits (such as height),
a substantial part of the phenotypic variation is determined by environmental factors and
potentially by the interplay between genetic and environmental variation10 (such as exposure
to smoking or medication, degree of physical activity, and dietary habits).
Given the recent success in identifying genetic risk factors for disease, the clear importance
of environmental risk factors, and, most importantly, the increasing availability of large cohort
studies, it is becoming possible to identify which ‘omics’ layers are influenced by genetic
and environmental factors, and how these interact. These large cohort studies have not only
looked at genetic variation in the participants, but also generated data on gene expression,
methylation, the microbiome, metabolites, and many other phenotypes for them. In this thesis
we have identified many of these relations. I will discuss below how these studies have aided
the interpretation of genetic risk factors and the usefulness of multi-omics in predicting
disease and other phenotypes.

2. Integrating multi-omics data to gain more insight into the functional
consequences of genetic variants
Despite the tremendous success in identifying genetic variants associated to traits and
diseases, there are several challenges in interpreting the associated signals. It is important
to realize that approximately 88% of variants associated to common diseases are located in
non-coding regions11, which hampers the interpretation of these variants because it is often
very difficult to infer the likely causal gene for a genomic locus.
One way to overcome this difficulty, and to gain more knowledge on the likely causal genes and
pathways, is to ascertain whether these genetic variants are also affecting gene expression or
methylation levels, for instance11. Given the availability of cohort studies with one or multipleomics datasets, it is now possible to ascertain such quantitative traits in a large number
of samples and at high resolution. In this thesis we have conducted three quantitative trait
studies: we studied the effects of cis (i.e. local) expression quantitative trait locus (cis-eQTL)
and methylation quantitative trait locus (cis-meQTL) in four different tissues (chapter seven);
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we studied cis and trans (distal) effects on DNA-methylation in blood (chapter nine); and we
studied how genetic variants affect the human gut microbiome (chapter six).
We observed that many genetic risk factors affect gene expression and methylation in cis, but
also identified trans-eQTLs and trans-meQTLs (chapter nine), indicating that it is also possible
to identify the downstream pathways disrupted by these disease-associated variants. This
was particularly clear for trans-meQTLs, where 31% of the tested genetic risk factors were
affecting methylation in CpG sites in trans. However, since the biology of methylation is
less well understood than gene expression, we overlapped the trans-meQTLs with identified
eQTLs to aid in their interpretation. We found over 240 trans-eQTLs overlapping with transmeQTL signals, i.e. roughly 9% of the total trans-meQTLs are also identified in expression,
based on the links found between SNPs and methylation, and between methylation and gene
expression. Over 90% of the identified trans-eQTLs had a concordant allelic direction based
on the relations seen between methylation and gene-expression. Furthermore, we observed
several instances where trans-meQTLs were likely caused by differences in transcription
factor abundances, which were due to a cis-eQTL gene expression effect on the transcription
factor gene (chapter nine, figure 4). Consequently, the binding sites for this DNA transcription
factor are more or less occupied, and this leads to either methylation or demethylation through
an unknown molecular mechanism. For example, we observed that a genetic variant, SNP
rs3774959, that affects gene expression levels of the nearby transcription factor NFKB112 also
influenced methylation at 413 downstream sites; nearly all these sites overlap with binding
sites of the NFKB transcription factor. This example also shows the value of multi-omics
studies, because the identified eQTLs were instrumental in helping us understand the nature
of a massive number of trans-meQTLs from this SNP. Yet, since most of the trans-meQTLs
that we detected remain unexplained, it is possible that some of the biology underlying these
epigenetic signals will become clear from incorporating additional omics data, for instance,
on protein or metabolite levels or on the microbiome.

3 Integration of multi-omics data to explain variation in phenotypes
Apart from using multi-omics datasets to better understand the downstream molecular
consequences of genetic risk factors, these data can also be used to study non-genetic
effects on diseases and traits in detail. Examples of such analyses are presented in chapter
four, where we aimed to explain variation in lipid levels and BMI by using the gut microbiome
as a predictor, and in chapter eight, where we aimed to explain variation in height and BMI
by using methylation as a predictor. Both these studies were performed using data from the
LifeLines-DEEP13 project. In this cohort study we collected extensive phenotype information
on 1,500 participants and on their genotypes, microbiome composition, gene expression,
DNA-methylation, metabolite and cytokine levels. Since the data was all generated at the
same time-point, this study is uniquely suited to conducting multi-omics integration studies,
which link more than two data-layers to each other.
In chapter eight we describe a study on three groups of samples from the LifeLines-DEEP13
population cohort, the Lothian Birth Cohorts14, and the Brisbane systems genetic study15. All
three datasets provided information on genetics and DNA-methylation. We first built a predictor
for the height of an individual, based solely either on genetics or on DNA-methylation levels.
By across dataset training and testing the models, we found that a DNA-methylation based
predictor could explain 0.76% of the variation in height and that genetics could explain 19.8%.
Since the genetic predictor explains almost 25 times more variation in height as compared
to the methylation predictor, there was little to be gained by making a combined predictor for
height. This was expected since height is known to be mostly heritable, with its heritability
estimated at 60% – 80% by twin and family-based studies9,16,17.
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However, when applying the same method to BMI, we found that DNA-methylation levels
could explain up to 7.3% of the variation in BMI, whereas genetics could explain up to 9.4%.
A combined predictor could explain 13.6% of the variation in BMI. This shows clearly that
prediction performance for BMI increases substantially when using multi-omics datasets.
Similarly, in chapter four we describe a study using combined genetic and microbiome-based
predictors to explain variation in lipid levels and BMI based on the microbiome composition.
In this study we used only data from the LifeLines-DEEP cohort and, in order to get accurate
predictions, we used cross-validation to estimate the explained variation. We found that for
three of the five traits tested (i.e. high density cholesterol, triglycerides, and BMI), the combined
genetic and microbiome predictor performed significantly better than a predictor using solely
genetic data. With the microbiome composition data we were able to explain up to 4.5%
in variation in BMI, while with genetics we could explain 2.1%. (The difference in explained
variance by genetic data in chapter eight and chapter four is due to a different significance
threshold for selecting SNPs in the genetic predictor for BMI). In total, when we also took age
and gender into account, we were able to explain 11.3% of the variation in BMI with genetics
and microbiome composition.
When we combined the predictors for BMI described in chapter four and chapter eight into one
predictor incorporating three levels of data (genetic variation, methylation and microbiome
data; see figure 1), we observed that the combined predictor could explain even more of the
variation in BMI than the predictors that used only two omics levels. The explained variation
shown in figure 1 was re-estimated based on the original data reported for the three cohorts
and our estimates were based on a subset of samples for which all three data layers were
available. This means the explained variation is different than that reported in chapter four
and chapter eight. In our combined analysis age and gender explain 4.2%, the microbiome
composition explains 3.0%, DNA-methylation levels explain 6.9%, and genetic variation
explains 8.6% of the variation in BMI. The predictor that uses age, gender, genetic variation,
DNA-methylation and microbiome composition can explain 20.3% of the variation in BMI. It is
evident that the predictors are not independent, as the summed explained variation is higher
(22.8%) than the explained variation by the combined predictor (20.3%). This is because the
different omics datasets do not provide fully independent information (for example, genetic
variation can influence DNA methylation, as described in chapter nine, and can also affect
microbiome composition, as described in chapter six). However, the difference between the
five-level predictor and the best four-level predictor remains statistically significant, Anova
P-value = 0.0003, indicating that a multi-omics predictor can be helpful in predicting complex
disease and trait phenotypes.
In the BMI example above, we see that the use of non-genetic information in predicting risk
can improve the phenotype prediction substantially. Although the prediction of BMI levels is
not directly relevant in a clinical manner (because BMI can usually be measured), the same
method can also be applied to predict disease phenotypes. Given that most large-scale GWAS
analyses have so far found only a limited number of risk factors, which usually explain only a
limited proportion of phenotype variation, the development of models that incorporate gene
expression, methylation, metabolite or microbiome data or a subset of these is promising
and can be informative in predicting disease and trait phenotypes. For instance, it would be
clinically relevant to predict risk for cardiovascular diseases (CVD) or T2D; although enormous
progress has been made in prevention and treatment since the 1960s, CVD remains the
leading cause of death worldwide. It has been estimated that nearly 40% of all deaths in the
US will be due to CVD by 203018. Since CVD and T2D are chronic diseases and expensive to
treat, early diagnosis would permit better monitoring of disease progression and might allow
less expensive treatments if the diagnosis is made while symptoms are still mild.
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Figure 1. Multi-omics data can explain some of the variation in body mass index. This figure shows the
variation explained by the different biological data layers and phenotypes. In the left part of the figure,
the variation explained by the separate predictors on each layer is shown. In the right part of the figure
the total variation explained by the combined model is shown. Here we started with age and gender, then
included genetics, methylation and finally the microbiome predictor, so that the explained variation is
attributed to the features based on the individual explained prediction.

Another use of integrative multi-omics predictors is to help identify environmental factors
leading to disease in large cohorts, like smoking. Smoking has an influence on both the
microbiome (see chapter five), and methylation levels19,20. Using the methylation and
microbiome data, it might be possible to accurately predict smoking status without needing
to ask participants in biobanks about their smoking behavior. By using such integrated
approaches, we may also be able to identify mismatches between the different data-layers,
which could then help correct potential sample mix-up problems, or identify which answers
in the lifestyle questionnaires have not been filled out accurately. Furthermore, if we can infer
clinically relevant diseases or phenotypes accurately, it might be possible to save biobanking
costs since phenotypes are typically expensive to measure.
These multi-omics datasets also hold great promise for personalized approaches: to better
tailor nutrition21, treatment or medication to individual patients. Currently a lot of research
is being conducted into such precision medicine22. For instance, genetic data can be used
to partly determine the appropriate type of medication or dosage for treating patients. Such
patient-specific prescriptions may also benefit from the use of other omics data, thereby
leading to a more accurate type of medication prescription and dosage better tailored to
individual patients, possible cost reductions and fewer side-effects. Likewise, we can use the
omics data to offer a more personalized nutritional advice, as reported by Zeevi et al23.
However, before we can start using these predictors in a diagnostic or clinical setting, it is
crucial to test how they work thoroughly24. Firstly, these models have to reach a sufficiently
high, prediction accuracy before they can be adopted for clinical use. With the exception of
the genetic data, where it is clear that genetic variation is causal to the phenotype, the other
omics data may not be so easy to use, for instance, expression data in blood is not identical
at two different time-points, even if the blood samples have been drawn from an individual
on the same day25. So relations identified at the first time-point might not be well reflected at
the second time-point. Although we observed that these omics levels were informative for
BMI and lipid levels, an important step is to perform longitudinal analyses and, ideally, also to
analyze omics data from multiple time-points. By using more time-points we can learn about
the stability of the various omics layers and phenotypes over time. And by using a predictor
built on the expression and methylation levels at time-point X to predict the level of a trait at
time-point Y, we can learn more about the usability and stability of the non-genetic predictors
in general. This research will eventually lead to better predictions on the phenotypes of
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interest and will also provide insight into whether each layer of omics data are informative for
predicting disease development at a later stage.
For this purpose, it would be interesting to determine the power of the current predictors in
the follow-up data from the LifeLines and LifeLines-DEEP cohorts. At this second time-point,
five years after the initial sample collection, we could assess the stability of the non-genetic
predictors, which would tell us more about the relevance of the information captured in the
microbiome composition, expression data, and methylation data.
Furthermore, it is important to gain a better understanding of how the different biological data
layers interact which each other and how they relate to confounding factors. In chapters two,
three and five, we have studied potential confounding factors for studies on the microbiome.
We identified relations between different dietary factors, commonly used drugs, intrinsic
factors, diseases, and smoking on the microbiome composition in the LifeLines-DEEP
cohort. More specifically, we modeled all of these factors simultaneously in chapter five,
while taking into account relations between the individual factors, rather than studying all
factors separately. Studies linking the microbiome or other biological omics data layers to
phenotypes, or preferably to multiple phenotypes at the same time, are proving valuable in
identifying unwanted confounders, which can vary per trait. We have provided insight into
some of these confounders, which we hope will enable the creation of better models yielding
better reproducible results.
While the generation of such multi-omics datasets is rather costly, this should be considered
against their potential to aid the earlier diagnosis and treatment of patients. In the United
States alone, healthcare costs related to T2D were estimated to be US$176 billion in 201226. If
we can achieve earlier diagnoses using good predictors, this may limit future treatment costs.
Given that the risk of development of either T2D or CVD can be limited by lifestyle changes,
earlier diagnosis could have a major impact on quality of life and reduce treatment costs. The
LifeLines-DEEP dataset does not include a sufficient number of participants suffering from
CVD or T2D for us to be able to build and test specific predictors. However, since we can better
predict lipid levels and BMI with the multi-omics predictors, I believe this approach can also be
applied to case-control analyses in both CVD and T2D cohorts.

4. Future perspectives
Several avenues are important for further research using multi-omics integration approaches
in the interpretation of genetic risk variants and prediction of diseases and traits. Firstly, both
the GWAS interpretation and predictor development will benefit from having larger datasets
available. The larger datasets will aid identification of smaller effects and offer better effect
size estimations. Secondly, by using higher resolution27, multi-omics datasets28, such as
single cell data, and the integration of data on multiple tissues, we can improve interpretation
of GWAS data and explain variation in traits. Thirdly, by using more different omics datasets
simultaneously, and fourthly, by studying the most relevant tissues29, we can improve both the
interpretation of the GWAS results and the accuracy and power of multi-omics predictors. In
the next two sections I will describe the prospects for two multi-omics integration strategies.

4.1 Multi-omics in interpretation of genetic variants
Specifically for the interpretation of GWAS results using multi-omics, there is much to gain
by studying different omics layers simultaneously. In chapter nine, we describe an overlap
we identified between cis-eQTLs on transcription factors and trans-methylation QTLs on
downstream binding sites for these transcription factors.
The next step in these analyses would be scaling to a genome-wide trans-mapping to identify
more relations between genetic variation and DNA-methylation changes. This would help
identify genetic regulation of genome-wide binding proteins or DNA binding transcripts. By
direct integration of genetic, expression and methylation data, we may be able to identify more
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relations between genetic, (distal) methylation changes and expression. This could enable us
to explain more relations between methylation and transcription, and to learn more about the
relations where there is no clear transcription factor binding motif or footprint, which proved
crucial in interpreting the trans-methylation QTLs (chapter nine). By directly integrating the
data levels, it might even be possible to do a “DNA-binder wide” analysis, mapping all the
DNA-binding proteins and transcripts on the whole genome in one analysis. This could make
such an approach an alternative to CHromatin immunoPrecipitation sequencing (CHiP-seq)
analysis, which is performed per protein. The multi-omics-based alternative would have an
advantage over CHiP-seq methods, because it would not only work for proteins that bind
to DNA but also for RNAs that bind to the DNA. However, it is important to note that we
used the Illumina 450K array, which assays only part of the DNA-methylome30. Switching to
genome-wide bisulfite sequencing, or a genome-wide sequencing approach that can identify
methylation without bisulfite treatment, would provide a full picture, but this is likely to
remain expensive for the next few years30. In addition to the drawback of genomic resolution,
using combined expression and methylation QTL mapping to identify downstream binding
of proteins or RNAs on the DNA may not have the same precision as CHiP-seq. Firstly, the
precision is affected because there is a non-perfect relation between expression levels and
protein levels, i.e. the functional level of transcription factors. Secondly, protein levels might
not be directly representative for the binding of the same protein to the DNA. To get to a better
“DNA-binder wide” analysis, it might be worthwhile to integrate protein levels of transcription
factors in the analysis, thereby giving a better understanding of how expression levels of
transcription factors relate to protein-levels. This would close the gap between the difference
in expression and protein levels31.
By moving to more precise data sets, like single cell data27, where information on gene
expression and/or DNA-methylation is generated at a single cell level, we can learn much
more about the relation between different omics levels, because many of these relations are
highly cell-type- and context-specific. In this thesis we only investigated information at a bulk
level, thus missing much context-specific information, i.e. differences from cell to cell, or even
information on differences per cell type. For our research we mainly used data derived from
whole blood, which is a mixture of cell types, and since there are differences between the cells
and the cell types that make up blood, it is possible that we missed genetic effects that are
only present in the rarer cell types. This also has implications when trying to interpret GWAS
signals. By using the appropriate (i.e. affected) cell type or cells for a disease or trait, more
specific information on the effect of genetic variation will be revealed. We know that genetic
regulation can be tissue-specific (chapter seven) and that using the correct tissue type is
relevant, for example, when integrating GWAS data and multi-omics data derived from colonic
biopsies with the gut microbiome composition. If we could perform such studies we could
learn more about the relation between the host and microbiome, whereas using expression
data derived from blood might not be truly reflective of the gut situation. Especially for gut
diseases, like IBD and celiac disease, this could yield new insights. We envision that, using
these data, we would also learn more about the microbiome QTLs identified in our microbiome
quantitative trait study (chapter six). Currently, there are no such experimental results available
in which there is data on intestinal DNA-methylation levels, gene-expression levels, and the gut
microbiome. The generation of such datasets is challenging, since it is not possible to collect
the stool microbiome at the same time-point as a biopsy; this is important to relate human
gene expression, microbial gene activity, and methylation levels to each other properly.

4.2 Multi-omics prediction models
Many biobanks are now enriching their datasets with additional molecular levels. One issue is
the actual usefulness of generating another molecular level on top of the multi-omics datasets
that may already be available. To shed light on this, we have expanded our BMI predictor with
the expression data available for the LifeLines-DEEP cohort. By using the same strategy as for
microbiome composition (see methods, chapter four), I built a classifier based on expression
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data. Then I combined the classifier into our multi-omics BMI predictor, which now integrates
phenotypes, genetic variation, DNA-methylation, gene expression, and microbiome data to
predict BMI. I observed that expression alone can explain 9.0% of the variation in BMI, and
after including gene-expression data in the combined predictor, we could explain 26.5% of the
total variation in BMI, which represents a 6.2% increase over the predictor shown in figure 1.
This clearly shows that every additional data layer added in our model makes it possible to
predict trait levels more accurately.
I therefore expect that by adding additional datasets, such as more detailed information on
phenotype, on physical activity (measured by a wearable device for example), on food intake
or quality of life, it is likely the prediction performance will be improved. Another avenue would
be to generate molecular data on cell types and tissues that are more relevant for the disease
or phenotype under investigation. For instance, for inflammatory bowel disease and celiac
disease, the most relevant tissue to study would be the intestine, and ideally this should
involve single-cell technologies that can provide information on every individual cell that is
present in the intestine.
Another strategy would be to develop better predictive models for phenotypes by integrating
the omics layers in a different way. In the analyses described in this thesis, we extracted
relevant features from each of the omics layers independently: we identified methylation CpG
sites that were informative, genes whose expression levels were informative, and individual
bacteria that were informative for the trait of interest. We then built models per data-layer, which
we subsequently integrated at model level to develop a final model based on all the individual
predictors. While this approach works well as can be seen in the research chapters, it ignores
more complex, but potentially informative features that may serve as features for phenotype
prediction. For instance, we might well find that a certain combination of two variables, or
a certain ratio of two variables that have been assayed using different techniques, could be
even more informative for a phenotype, but that these features will have been missed in our
current approaches. Methods that can resolve this issue and that identify such relations, while
avoiding overfitting the data, could therefore prove highly valuable to better model and predict
complex phenotypes. Another in the future.
Yet another strategy to improve these phenotype predictions would be to use larger sample
sizes. In the risk prediction studies (chapters four and eight), we used information from largescale GWAS meta-analyses and the reported effect-sizes on individual SNPs to build our
genetic risk predictors. It is expected that the same strategy can be applied to other molecular
levels: information obtained from large-scale epigenome-wide association studies (EWAS)
or transcriptome-wide association studies (TWAS) could be used to select informative CpG
sites and individual genes, along with reported effect-sizes to improve phenotype predictions
in smaller multi-omics datasets, as in the LifeLines-DEEP. However, with ever-increasing
model complexities, cross-validation or preferably replication of the models built or the
effects identified, will be absolutely crucial. This is especially true if we try to generate more
sophisticated integrative models, using several multi-omics datasets in one predictor.
Thus, multi-omics prediction of disease phenotypes is likely to be an interesting research
avenue for the next few years. First of all, we have shown that these multi-omics predictors
work substantially better in predicting BMI than methods that use more limited levels. An
important question is to understand whether such predictors can also help to predict the
onset of complex traits like obesity or diseases. If this turns out to be the case, it is likely that
some of the features that have been selected for the predictor are indeed reflecting genes that
could play a causal role in causing obesity, and which might therefore serve as potential drug
targets. Given that we identified specific genes whose expression levels are associated to
BMI, and that we could employ Mendelian randomization approaches to infer a causal role32,
we might well be able to correct the expression of these genes by medication, or we might
be able to alter the gut microbiome in such a way that we promote or decrease the levels of
BMI-relevant microbes.
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From the work presented in this thesis, we have gained better insight into the downstream
effects of genetic risk factors for disease, through integration of different biological omics
datasets. We further studied and identified factors which influence or shape the gut
microbiome. Finally, we have shown that multi-omics datasets can be used to predict disease
phenotypes and that each of these separate molecular levels can be informative. We are now
beginning to use a wide-scale multi-omics approach for predicting traits and we expect that
larger and more deeply characterized biobank cohorts will make it possible to build prediction
algorithms to help diagnose patients earlier and to improve their treatment.
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