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Chapter 8

Bioinformatics of genomic association mapping
This dissertation aimed to provide a comprehensive walk-through of the classic
steps of genomic association mapping using bioinformatics-based approaches. This
walk-through started with a classic heritability study, continued with providing
novel tools for genome-wide association studies (GWASs) of complex traits, and
ended with an integrated post-GWAS pipeline for translating GWAS findings of
any human trait or disease to biological knowledge (Figure 1). Our A-to-Z
approach emphasized the importance of following the consecutive steps of
genomic association mapping. To support this process we sought to ‘develop’
and/or ‘apply’ bioinformatics-based tools, such as technical algorithms, software
packages, analysis pipelines, etc., for the analysis of high-throughput biological data.

Genomics of complex traits
In contrast to rare Mendelian disorders, common complex traits or diseases, also
known as multifactorial or polygenic disorders, are controlled by a complex
network of environmental and genetic factors. Examples are metabolic syndrome,
hypertension, coronary heart disease, type 2 diabetes, autoimmune diseases, etc. For
a long time genomic (linkage) mapping of common complex diseases or traits had
been deeply disappointing, mainly because of the complex interplay between
multiple genetic and environmental factors. It is only in recent years that new, more
successful approaches of genomic association mapping have become available,
promising gains in knowledge of biological mechanisms underlying common
complex traits and diseases (1, 2).
To illustrate the walk-through of the classic steps of genomic association
mapping, and as a running example of a typical human complex trait, we worked on
serum levels of C-reactive protein (CRP), a well-known marker of systemic
inflammation that has previously been associated with a variety of diseases or
outcomes (3–9). Serum levels of CRP are controlled by different environmental and
genetic factors (10, 11). However, the exact biological and genomic mechanisms
that control serum levels of CRP, and more importantly, the causal contribution of
CRP to the pathophysiology of associated diseases were still largely unknown (12–
15).
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Chapter 2

We performed Mendelian randomization analyses for 32
complex somatic and psychiatric outcomes in order to
investigate the causal contribution of CRP to the
pathophysiology of different diseases. These large-scale
analyses yielded some support for a causal effect of CRP on
only a few of the outcomes, such as schizophrenia.

Chapter 6

Follow up GWAS | post-GWAS

Trait 2

We performed a bivariate GWAS in order to investigate the
pleiotropic genetic loci among CRP and lipids by combining
the summary statistics of the largest previously published
GWASs on CRP and lipids. This yielded a number of pleiotropic
loci among these traits.

We assembled an integrated pipeline of sequential
bioinformatics-based approaches, including in silico
sequencing, in silico pleiotropy analysis, (in silico) eQTL
analysis, and functional network analysis, for post-GWAS
analysis that can be used to follow up GWAS signals of any
human trait or disease. Subsequently we applied our in-house
developed pipeline to translate the published CRP metaGWAS findings into biological knowledge which revealed an
important role for interferons in the metabolism of CRP.

Chapter 7

Trait 1

Chapter 3

We developed ‘QCGWAS’, a flexible, publicly available, easyto-use software package for automated QC of GWAS result
files. It can handle a large number of files within a short period
of time. By producing detailed reports, appropriate plots, and
cleaned files QCGWAS is valuable addition to the existing
software.

Chapter 4

Run GWAS

We developed ‘lodGWAS’, a flexible, publicly available, easyto-use software package, that provides a simple and elegant
way for GWAS analysis of LOD subjected biomarkers while
simultaneously accommodating the problem of LOD through
parametric survival analysis. Application to real data showed
that lodGWAS yielded valid results, while this was not the case
for another commonly used solution.

Chapter 5

Check the
phenotype

As a running example of a typical human complex trait, we
worked on CRP. We provided evidence of substantial
heritability of CRP and hence showed that CRP is perfectly
appropriate for genomic association mapping. We took
advantage of a large twin cohort with longitudinal follow-up
measurements.

QC of GWAS

General discussion

Figure 1 Results of this thesis at a glance. CRP indicates C-reactive protein;
GWAS, genome-wide association study; LOD, limit of detection; and QC, quality
control.
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Check the suitability of the phenotype
As a first classic step of genomic association mapping, we sought to check the
suitability of our phenotype of interest, i.e. serum levels of CRP. Hence, Chapter 2
was devoted to investigate relative impact of genetic and environmental factors
underlying serum levels of CRP with advancing age. Although cross-sectional twin
and family studies have already reported a moderate heritability of baseline levels of
CRP ranging from 0.10 to 0.65 for different age ranges (16–19), the (in)stability of
heritability of CRP with age was still unclear. To apply a longitudinal classical twin
design, we took full advantage of using a large dataset of twins from the TwinsUK
registry (20) through applying software specifically designed for the analysis of twin
and family data (21). We included data of a maximum of 6,201 female twins with up
to three CRP measurements over a 10 year follow up period. In Chapter 2 we
showed that although CRP levels itself is not stable with advancing age, its
heritability is around 50% and very constant over time. We also showed, in spite of
stability of heritability of CRP, the genomic factors underlying control of CRP are
not stable over time, indicating emergence of new genetic effects on CRP levels
with age. All this means that CRP is perfectly suitable for genomic association
mapping, warranting next classic steps presented in this dissertation.

Run GWAS of the phenotype
As a second classic step of genomic association mapping, we sought to perform
GWAS analysis on our phenotype of interest, i.e. serum levels of CRP. In Chapter
3, however, we faced the problem that the detection range of CRP, like for some
other biomarkers, is restricted by the assay procedure, i.e. there exists a so-called
Limit of Detection (LOD). An LOD is the floor or ceiling value of the biomarker
at which the level of the biomarker can still be accurately detected by the assay. Any
value of the biomarker outside the range determined by the LOD(s) cannot be
determined precisely (22, 23). Those observations that fall outside the LOD, socalled non-detects (NDs), cannot be simply excluded from the GWAS analysis,
because NDs cannot be considered as ‘missing at random’. Hence, NDs should be
included in GWAS analysis by applying an appropriate statistical technique (22–25).
Appropriate statistical solution
There are a number of suboptimal statistical approaches described to deal with the
problem of LOD while including the NDs into the statistical analysis, such as:
analyzing detect/non-detect dichotomies, substituting NDs with a random value
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between zero and lower LOD, substituting NDs with a constant smaller than the
lower LOD (e.g. zero, LOD/√(2), or LOD/2), substituting NDs with LOD itself,
etc. (24). However, the information provided by NDs is not optimally used by these
methods, particularly when a substantial proportion of observations fall below the
LOD. We found a better solution by concluding that biomarker data constrained by
LOD most closely fit the characteristics of ‘censored’ time-to-event data and hence,
the statistical methods of survival analysis for censored data can be applied to any
variable that is subject to LOD (26, 27).
Software implementation
To the best of our knowledge, the problem of LOD in GWAS analysis of
biomarkers has been usually overlooked, which could cause biased results. On the
other hand, applying a proper statistical approach for combining NDs with valid
measured values has not been feasible for most GWAS analysts, mainly due to
limited software availability (28–30). In view of these shortcomings, we developed a
software package that is capable of performing GWAS analysis of biomarkers while
simultaneously accommodating the problem of LOD.
‘lodGWAS’ software package
We developed ‘lodGWAS’, a software package for GWAS analysis of biomarkers
with a limit of detection. It treats NDs as censored data, either left-censored or
right-censored or both, and performs a parametric survival analysis by including
both ‘measured’ and ‘censored’ values. As an example application of lodGWAS and
to demonstrate the robustness of its results, we performed GWAS analyses on
serum levels of CRP in the LifeLines cohort study (31, 32) by means of both
lodGWAS and PLINK (29) software. The latter results were considered as gold
standard. In Chapter 3 we showed that GWAS results of analyses by PLINK and
lodGWAS on the complete dataset were identical. Then we assumed an arbitrary
lower LOD of 1.0 mg/L for the CRP assay. The samples below this cut-off, that is
39% of the whole dataset, were disregarded by PLINK, but appropriately treated by
lodGWAS. We showed that when analyzing this LOD subjected dataset, GWAS
results of lodGWAS were very similar to the gold standard, while PLINK results were
biased. Moreover, some regions that were genome-wide significant when analyzing
the complete dataset, disappeared in the latter PLINK analysis leading to false
negative results.
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Our in-house developed software package has been submitted to the
Comprehensive R Archive Network (CRAN) (33) and is now publicly available to
the scientific community at http://cran.r-project.org/web/packages/lodGWAS.

Check the quality of GWAS results
As a third classic step of genomic association mapping, we sought to check the
quality of GWAS results. GWAS results are the ultimate product of multiple
sequential sophisticated lab- and bioinformatics-based steps, including genotyping
of study samples, genotype calling, genotype data cleaning, genotype imputation,
phenotype assay, statistical analysis of phenotype, (sometimes) merging of different
datasets of genotypes or phenotypes, and finally performing GWAS analysis on the
genotype and phenotype datasets. In addition to the large number of steps to
complete a GWAS analysis, a great variety of software programs and pipelines can
be used. Furthermore, each GWAS result file comprises millions of lines of data.
All this means that GWAS result files are highly prone to different types of errors
and mix-ups (34). Therefore in Chapter 4 we emphasize the importance of a
thorough quality control (QC) of GWAS output files prior to further steps of
genomic association mapping.
Stringent QC pipeline
We developed a stringent pipeline for a thorough quality control of GWAS output
files, which consists of multiple stages. It starts with checking the dataset for
missing and invalid data. Duplicated genetic markers or those markers with missing
crucial variables should be removed. Then, the alleles and also the allele frequencies
of single nucleotide polymorphisms (SNPs) should be checked against a given
reference, such as HapMap (35), 1000 Genomes Project (36), GoNL (37), UK10K
(38), etc. Any strand switch or allele flip should be treated appropriately. Next,
several QC plots and summary statistics are generated, which altogether provide a
detailed view of the quality of the contents of the GWAS result file. Subsequent to
detecting and fixing erroneous lines, and after harmonizing the alleles against the
given reference, a cleaned GWAS result file should be generated. Such a quality
controlled GWAS file can then be used for further steps of genomic association
mapping.
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Software implementation
We developed a software package that automates the abovementioned steps of our
stringent QC pipeline. It automatically opens GWAS result files and checks their
content against QC steps, provides plenty of plots and summary statistics regarding
the quality of each of the GWAS result files, makes comparisons between files, and
generates cleaned files. It is built as a package for R (33), ensuring compatibility
with different operating systems and capability of handling large data files.
‘QCGWAS’ software package
‘QCGWAS’ is a flexible and comprehensive software package for automated QC of
GWAS result files (39). As described in Chapter 4, its automated capability of
multistage QC can be broadly summarized in two key features:
(i) It generates cleaned, quality controlled GWAS files by (a) standardizing
column names, (b) matching alleles and also allele frequencies with a given
reference, (c) removing SNPs with mismatching alleles, (d) removing SNPs
with invalid variable values, (e) removing duplicated SNPs, etc.
(ii) It provides plenty of valuable information about the GWAS result files,
including detailed summary statistics as well as a wide variety of QC plots.
This information helps the user to strictly interpret the quality of the
GWAS result file and hence, to precisely detect any hidden errors in the
file, even very minor bugs.
The strength of QCGWAS is that it is geared towards producing reports,
summary statistics and plots that are ultimately based on the cleaned quality
controlled dataset, which is much more reliable than pre-QC file. We try to show
this strength with two real examples, as follows:
Example ‘A’. The allele frequency correlation plots of pre- and post-QC GWAS
file ‘A’ against the given reference can be seen in Figure 2. There is a significant
difference between the two panels of the figure because the pre-QC file is the
GWAS output file as is, while the post-QC dataset has been appropriately treated
by QCGWAS through matching alleles and allele frequencies with the given
reference.
Example ‘B’. The genomic inflation factor (lambda) of GWAS file ‘B’ is calculated
to be 0.89 and 1.12 for pre- and post-QC GWAS files, respectively. Lambda
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quantifies presence or absence of population stratification, a phenomenon that can
induce false positive results. The expected value of lambda when there is no
population stratification is 1.00. There is a significant difference between the two
calculated lambdas because the pre-QC file is the GWAS output file as is, while the
post-QC dataset has been appropriately treated by QCGWAS through removing
~9% of SNPs of the pre-QC file as they contained invalid summary statistics: for
all ~9% of SNPs of the pre-QC file the effect sizes, standard errors, and p-values
were reported as -1, -1, and +1, respectively. Obviously, the invalid p-values of the
~9% of SNPs would markedly shift the distribution of p-values of the pre-QC file
to the right, yielding a smaller lambda. Removing the invalid p-values yielded a valid
distribution of p-values and hence, an accurate estimate of lambda.
(a) pre-QC GWAS result file

(b) post-QC GWAS result file

AF: given reference

r= 0.970

AF: given reference

r= 0.001

AF: file ‘A’

AF: file ‘A’

Figure 2 The allele frequency correlation plots of an illustrative (a) pre- and (b)
post-QC GWAS result file ‘A’ against the given reference. QC indicates quality
control; GWAS, genome-wide association study; and AF, allele frequency.

These examples emphasize the value of generating a cleaned, quality
controlled dataset prior to interpretation of the quality of the file and any further
use, e.g. in meta-analysis. They also emphasize how such a cleaned dataset can
significantly change our judgment about the quality of a GWAS result file. We
conclude that we can only rely on QC reports, summary statistics, and plots based
on post-QC datasets. To the best of our knowledge, the only software package with
such capabilities is QCGWAS. Where other software packages for QC of GWAS
result files just produce some reports and plots, QCGWAS actually cleans the file
and then appropriately produces reports and plots that are more informative. In
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other words, QCGWAS is a valuable addition to the programs for the QC of
GWAS result files.
Our in-house developed software package has been submitted to the
Comprehensive R Archive Network (CRAN) (33) and is now publicly available to
the scientific community at http://cran.r-project.org/web/packages/QCGWAS.

Follow-up of GWAS results: post-GWAS analyses
As the final classic step of genomic association mapping, we sought to follow up
GWAS results by translating them into biological knowledge. GWAS results are
typically provided as a list of SNPs that are significantly associated with the
investigated phenotype (2). SNP names are presented as Reference SNP Cluster
Identifier (rsID) numbers (i.e, rs<number>). Hence, the ultimate result of a
successful GWAS is merely a list of rsID numbers without biological meaning. It
means that further steps of genomic association mapping, so-called post-GWAS
analyses, are needed to translate such a list of rsIDs into biological insights (40, 41).
As running examples of post-GWAS analyses, in Chapters 5, 6, and 7 we
followed up a large-scale meta-GWAS on serum levels of CRP (14) and combined
these results with those from other large meta-GWASs on outcomes potentially
associated with CRP. (42–67).
Pleiotropy analysis
Some of the identified genetic variants are associated with more than one
phenotype, a phenomenon termed genetic pleiotropy. Several lines of evidence suggest
an overlap between the biology of CRP and lipids (68–72). However, the exact
mechanisms underlying this overlap are yet to be investigated. To identify genetic
pleiotropy among CRP and lipids and hence, to uncover the genetic mechanisms
underlying their overlap, Chapter 5 was devoted to follow up of results from the
largest meta-GWAS on CRP (14) in combination with the largest meta-GWASs on
lipids, i.e. low-density lipoprotein (LDL) cholesterol, high-density lipoprotein
(HDL) cholesterol, triglycerides, and total cholesterol (66, 67).
To efficiently perform a bivariate GWAS on serum levels of CRP and
lipids, we applied a new method and bioinformatics software package that uses
GWAS summary statistics data rather than individual level data (73). Following up
the largest meta-GWASs on CRP and lipids, our method eventually revealed a
number of pleiotropic loci among these two traits. Three identified SNPs, which
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were novel for CRP, were then successfully replicated in a large sample of
independent individuals. The novel replicated SNPs were in or near FTO,
CTSB/FDFT1, and STAG1/PCCB. In other words, in Chapter 5 we showed that
this bioinformatics-based method could be efficiently applied as a step in genomic
association mapping not only to identify novel and pleiotropic loci, but also to
provide further insight in the genetic interrelation between linked phenotypes.
Mendelian randomization analysis
To investigate the causal contribution of CRP to the pathophysiology of different
diseases, Chapter 6 was devoted to follow up the largest meta-GWAS on CRP (14)
in combination with large meta-GWASs on a wide range of different disease
outcomes potentially associated with CRP (42–65).
Serum levels of CRP have been associated with a great variety of complex
somatic and psychiatric outcomes including coronary heart disease (6),
hypertension (5), stroke (7), type 2 diabetes (4), bipolar disorder (8), and overall
mortality (9). The association of CRP with each outcome can be due to real
causation, reverse causation, confounding, or various types of bias (74). Hence, the
causal involvement of CRP to the pathophysiology of different outcomes remains
extremely controversial (75, 76).
Mendelian randomization (MR) is an increasingly popular method that uses
genetically informed instrumental variables (IVs) to generate more reliable evidence
whether the association of a biomarker, such as CRP level, with a disease outcome
is due to real causation. To build appropriate IVs based on GWAS data, we used
established genetic variants associated with CRP levels, and pooled them into two
CRP genetic risk scores (GRSs): the first GRS consisted of four SNPs in the CRP
gene (15), and the other GRS consisted of all eighteen genome-wide significant
CRP SNPs (14). To optimize power, we applied a bioinformatics software package
that uses GWAS summary statistics data rather than individual level data (77).
By collecting summary statistics of association results of several metaGWAS consortia, we tested the association of CRP GRSs against 32 complex
somatic and psychiatric outcomes including celiac disease (42), inflammatory bowel
disease (i.e. Crohn's disease and ulcerative colitis) (43, 44), psoriasis (all types) (45,
46), rheumatoid arthritis (47), systemic lupus erythematosus (48), systemic sclerosis
(49), type 1 diabetes (50), knee osteoarthritis (51), coronary artery disease (52),
systolic and diastolic blood pressure (53), ischemic stroke (all types) (54), body mass
index (55), type 2 diabetes (56), chronic kidney disease (57), eGFR for creatinine
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(57), serum albumin and protein levels (58), amyotrophic lateral sclerosis (59),
Alzheimer's disease (60), Parkinson's disease (61), autism (62), bipolar disorder (63),
major depressive disorder (64), and schizophrenia (65).
In Chapter 6, we provide evidence for a potentially causal (protective)
effect of elevated CRP level on schizophrenia. We also provide nominal (not
Bonferroni corrected) significant evidence for a potentially causal association of
elevated CRP level with knee osteoarthritis, bipolar disorder, and systolic and
diastolic blood pressure. However, we found no further causal association of CRP
with any of the other 27 complex diseases investigated in this large-scale effort.
A comprehensive solution for post-GWAS analysis
A number of post-GWAS analysis approaches have already been introduced in the
literature (41). However, in the past post-GWAS analysis typically only covered one
or more data domains in search of functional evidence, such as translating SNP
rsID numbers into names of closest genes (simple annotation), identifying SNP
associations with gene expression (expression quantitative trait loci [eQTL]
analysis), or translating gene names into biological processes (functional network
analysis). Hence, the results of each data domain were usually reported separately
and not easily combined with those of other data domains impeding translation to
biological insights. To the best of our knowledge there was no established pipeline
integrating individual post-GWAS approaches and offering a comprehensive
solution for post-GWAS analysis of GWAS findings (40, 41).
In Chapter 7, we assembled an integrated pipeline of sequential
bioinformatics-based approaches for post-GWAS analysis that can be used to
follow up GWAS signals of any human trait or disease. The components of our ‘in
silico’ pipeline are all based on publicly available tools or data resources (36, 78–91),
which means it can easily be applied by other researchers who wish to follow up
GWAS findings. The pipeline accepts a list of GWAS SNPs (gSNPs) as input, then
performs a number of sequential bioinformatics-based steps including in silico
sequencing, in silico pleiotropy analysis, (in silico) eQTL analysis, functional
interaction network analysis, and finally, functional enrichment analysis.
The core concept of this pipeline is that GWAS SNPs merely tag the
surrounding genomic region and are not necessarily causally related to the
phenotype of interest (40). Hence, our pipeline emphasizes the genomic context in
the vicinity of the gSNPs and, by using different resources from different data
domains, provides a thorough description of the genomic context of the
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surrounding regions. It not only integrates the results of different data domains, but
also integrates and uses the results of all gSNPs combined. This holistic approach is
consistent with the polygenic model of disease susceptibility (2).
As an example application of this pipeline and to demonstrate the
robustness of its results, in Chapter 7 we followed up the largest meta-GWAS on
serum levels of CRP (14). That is, we submitted the 18 genome-wide significant
CRP SNPs to the pipeline to translate these CRP meta-GWAS findings into
biological knowledge. This strategy yielded a range of enriched biological processes
that provided new information on mechanisms involved in CRP metabolism, as
follows:
(i) The previously known overlap between the biology of CRP and lipids (68–
71) was confirmed.
(ii) The results of the pipeline suggested an important role for interferons in
the metabolism of CRP (92).
The overlap in the biology of CRP and lipids is not novel, but its
consistency with previous knowledge satisfactorily provided confidence in the
results of the pipeline. Consequently it strengthened the main finding of this study,
i.e. the link between CRP and interferons, which has not been generally accepted as
a potential mechanism underlying the biology of CRP. Our extended literature
review however revealed a number of indirect clinical observations, which
supported this finding. Furthermore, an in vitro study showed that interferon-α is an
inhibitor of CRP secretion. The suppression of CRP secretion was shown to be
dose dependent and to act through the type I interferon receptor (93). Additionally,
although the associations of CRP levels with most inflammatory diseases are well
established, its elevated levels poorly correlate with severe inflammatory conditions
that are typically known to have high levels of interferons, i.e. systemic lupus and
viral infections (94–99).
Some odd observations in lupus patients like a dramatically increased risk
of myocardial infarction (100, 101), but no association between cardiovascular risk
factors and CRP (98), as well as poor correlation between Interleukin-6 and CRP in
these patients (102) might very well be explained by suppression of CRP by
interferons. Likewise, mild and poorly correlated increases of CRP in viral
infections (99), making CRP a widely used biomarker in distinguishing bacterial
from viral infections, can be explained by the suppression of CRP by interferons
(93).
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Box 1 Concluding remarks.

This dissertation succeeded to provide an A-to-Z coverage of classic steps
of genomic association mapping using bioinformatics-based approaches.
We showed how bioinformatics tools can facilitate and support analysis of
high-throughput biological data. In Chapters 2, 3, 5, 6, and 7 we ‘applied’ a
number of already available tools, whereas in Chapters 3, 4, and 7 we
‘developed’ novel bioinformatics tools supporting appropriate analysis of
big data for genomic association mapping.
Our in-house developed bioinformatics tools alongside with appropriate
documentations are now freely available to the scientific community for
any further application.
Furthermore, and as a running example of genomic association mapping of
a typical human complex trait, we strictly adhered to serum levels of CRP.
Using appropriate bioinformatics-based tools, either already available or
our in-house developed ones, we succeeded to gain in knowledge of
biological mechanisms controlling serum levels of CRP as well as its
(causal) contribution to the pathophysiology of human diseases.

We also applied a preliminary version of our post-GWAS pipeline to
GWAS results of a large meta-GWAS on serum protein concentrations, yielding
new insights into underlying mechanisms controlling serum levels of proteins (58).
Furthermore, we applied (part of) this pipeline to the results of an epigenome-wide
association (EWAS) study of the correlation between maternal smoking and
methylation and its relation to the birth weight of the offspring, which revealed a
role in activating cell-mediated immunity (103). The results of a number of other
meta-GWAS or meta-EWAS projects are also being followed up by this pipeline
(manuscripts in preparation).
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Future perspectives
Quality control of GWAS results
In Chapter 4 we introduced QCGWAS, our in-house developed software package
for quality control of GWAS result files (39). It was originally motivated by the
need for QC of GWAS results of immunoproteins, such as CRP. Hence, it is
currently geared towards quantitative traits. Further adaptations of the package will
be needed to enable QC of GWAS results of case-control studies. Moreover, the
availability of data of non-SNP variants, such as insertion-deletions or copy-number
variants in e.g. the 1000 Genomes data (36), highlights the need and potential for
improved versions of the package to process all variant types. Moreover, close
resemblance of the framework of GWAS and EWAS data, warrants developing a
new software tool for QC of EWAS results.
Identifying further genetic risk variants
In Chapters 5, 6, and 7 we followed up the SNPs that were significantly associated
with CRP levels in the largest meta-GWAS to date. Although this large scale metaGWAS is based on >80,000 subjects, the explained variance in CRP level by all
identified SNPs is only around five percent (14). To further unravel the underlying
mechanisms controlling CRP level, an even larger meta-GWAS on CRP is highly
needed. In parallel to this thesis, we have designed and launched such a mega metaGWAS project with a sample size of more than 200,000 individuals aiming at
identifying more genetic variants associated with serum levels of CRP. All the
results of this thesis, i.e. expertise and bioinformatics tools, have been essential in
conducting such an international, mega-scale project.
From SNP association to function
The variety, complexity, and size of publicly available data resources have
dramatically increased in the last few years. For example, the initial results of the
Encyclopedia of DNA Elements (ENCODE) Project were published in 2012,
making more than 1,600 datasets of genome-wide functional elements publicly
available (104). Additionally, there are currently more than 3,800 data sets available
comprising data on more than 1.4 million samples of gene expression deposited in
the NCBI Gene Expression Omnibus (GEO) database (accessed May 29, 2015).
Likewise, other large-scale public repositories of biological data are becoming
available, including (but not limited to): the International HapMap Project (35), the
1000 Genomes Project (36), the Roadmap Epigenomics Mapping Consortium
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(105), the Genotype-Tissue Expression (GTEx) (106), The Cancer Genome Atlas
(TCGA) (107), the Library of Integrated Network-Based Cellular Signatures
(LINCS) (108), etc.
The effective mining of high throughput biological data, so-called ‘big
data’, is extremely challenging. Although the data are publicly available, data
collection, curation, calibration, and processing requires labor-intensive work
together with high expertise. At any rate, bioinformatics tools and pipelines are
needed to integrate different data types obtained from diverse biological domains.
A variety of algorithms and tools for biological big data mining have become
available, including (but not limited to): Cistrome (109), Oncomine (110), PAthway
Recognition Algorithm using Data Integration on Genomic Models (Paradigm)
(111), Multiple Association Network Integration Algorithm (GeneMANIA) (87),
Data-driven Expression Prioritized Integration for Complex Traits (DEPICT)
(112), Probabilistic Identification of Causal SNPs (PICS) (113), etc.
In Chapter 7 we presented an integrated pipeline of sequential
bioinformatics-based approaches for post-GWAS analysis of GWAS signals of
human traits or diseases (92). It requires appropriate information from different
data resources and treats the obtained information in a broader context by
integrating them to other data domains (36, 78–91). We applied a bioinformatics
algorithm based on the ‘guilt-by association’ approach to translate the vast amounts
of diverse biological data to biological insights. However, we will be particularly
keen to extend this approach by:
(i) Obtaining biological data from a wider variety of data domains, such as the
Roadmap Epigenomics Mapping Consortium, ENCODE project, etc.
(ii) More effective integration and mining of the obtained data through
improving algorithms and software tools. We are willing to work towards
developing a software tool that will take full advantage of the strengths of
current tools, such as GeneMANIA or DEPICT, but at the same time, will
address their (e.g. technical) shortcomings.
Such a bioinformatics-based approach will yield an even deeper knowledge
of biological processes promising novel biological discoveries, better understanding
of disease mechanisms, more efficient diagnostic and prognostic tools, and last but
not least, introducing individually tailored therapies based on the genomic context
of each patient, so-called personalized medicine (114, 115).
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