
Appendix 1

Computational challenges in disease mapping

Technological improvements over the last decade have greatly increased our ability to
study biological systems: We can track the regulation of genes over time, in different
cell types and under different conditions; we can measure the vast number of proteins
present in different cells under different conditions; and we can measure the genome
wide genetic variation between individuals. The dramatic increase in data collection
technology, however, has not been followed by an equal development in the computa-
tional methods for analysing the data. An important challenge in the coming years is
the development of analysis methods, both efficient at extracting relevant information
from the data and computationally feasible when applied to massive datasets.

The aim of this project is to develop analysis methods for genetic disease mapping
– the search for the genes behind genetic diseases – scalable to large genome wide
studies. The main focus will be on i) gene-gene and gene-environment interaction;
ii) integration of various sources of genomics, population genetics, and systems biology
data; iii) dealing with complex phenotypes; and iv) coping with new types of data sources
emerging over the next decade, such as structural variation data and complete genomic
re-sequencing.

By improving the methods we use to analyse the genetic component of diseases we
will hopefully discover more of the genes affecting disease risk, learn more about the
biological processes underlying the diseases, and eventually be able to develop improved
medicine for curing or preventing diseases. The disease mapping step is only a small
part of this process, but an important first step.

Background, state-of-the-art, and future challenges

Sequencing of the human genome has been followed up by a survey of genetic variation
in humans. Today, more than 10 million positions in the genome are known to show
variation and have been surveyed in the human HapMap project.1 This has allowed the
design of cost effective technology for measuring the genetic differences between indi-
viduals on a genome wide scale, and opened up for unprecedented large-scale studies
of genetic causes of common diseases, e.g. prostate and breast cancer,2–4 type 1 and
type 2 diabetes,3,5–10 and Crohn’s disease.11,12

Disease mapping approaches: Methods for efficient analysis of such genetic data are
lagging behind the data acquisition technology, however. With the current technology,
the full genetic variation is not explicitly measured, and instead it must be inferred
through statistical methods. Analysis is typically carried out by testing each measured
genetic variant independently, but such tests are not efficient unless the disease caus-
ing variant is included among the variants explicitly measured,13 which is usually not
the case. Indeed, it has been calculated that for several of the confirmed findings in
a recent very large study5 the chance of recognising the disease association was less
than 1%.14

Methods analysing several genetic variants at the same time can improve on the
statistical power to detect disease causing genes, and several methods have been devel-
oped.15–23 These methods, however, are very computational intensive, and can presently
not handle large datasets. New approaches must be developed, balancing method so-
phistication with pragmatic resource constraints; approaches combining algorithmic
techniques with biological knowledge to extract a maximum of information from the
data, at a minimal computational cost.
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Gene-gene and gene-environment interaction: There is growing evidence that many
diseases are affected by complex interactions of multiple genetic and environmental
effects, and constructing analysis methods for dealing with this is an area of active
research.24–30 Some genes affect the disease risk only when certain other genes are
present and not otherwise – or even reduce disease risk when some genes are present
and increase the risk when other genes are present.31,32 In such case, the gene may
show no disease association when considered alone; only when other genes are taken
into account does the disease signal manifest. Ideally, a study should consider e.g.
all pairs of gene variants33,34 – and for simple methods, this is a feasible approach.
For more sophisticated methods, however, the computing resources needed make this
prohibitive.

Integrating several sources of data: Using sequence information from the human ge-
nome project in a mapping context has proven successful and improves efficiency e.g.
by guiding the search for disease genes to areas known to be functionally important,20

or by using so-called recombination hotspots35,36 to select multiple variants for simul-
taneous analysis.2 Adding more data, and more types of data, holds the promise of
improving our mapping efficiency even further, but integrating such varied types of
data will require more sophisticated methods with additional computation challenges.
Furthermore, the integration of various data sources and the structuring of data in
forms that can efficiently be analysed is an informatics challenge in itself.

Types of genotype data: Not only can we expect the amount of data to grow in the
coming years, we will also see a change in the type of (primary) data. Most studies to
date, have used so-called SNP (single nucleotide polymorphism) data. Recently, how-
ever, it has become clear that another kind of variation, copy-number variants or CNV
data, contributes significantly more to the variation between individuals (estimates are
0.12%–0.2% differences in CNV between two random individuals compared to 0.08%
for SNP data).37 Early studies have found association between copy number variants
and disease both for sporadic diseases,38,39 mendelian diseases,40,41 and complex dis-
eases/phenotypes.42,43 Technology is now being developed to enable genome wide mea-
surements of CNV data, and in the next year or two, we can expect the first CNV
based studies. Disease mapping based on CNV data introduces a set of new challenges,
including: high measurement noise in measuring genotypes44 and lack of population
genetic models (although some work is being done in this direction45). The latter means
that techniques based on inference of genealogies19,22,23,46,47 cannot immediately be ap-
plied; the former that the genotyping uncertainty needs to be explicitly modelled in the
mapping method.

The ultimate data for disease studies is of course the full genomic sequences of each
individual, i.e. the complete DNA sequence for each individual in the study. Obtaining
this is currently technically as well as economically prohibitive, but sequencing tech-
nology is improving rapidly, and within a few years it will be a cost-effective alternative.
Methods dealing with full sequences will be very different from the current methods:
for complete re-sequencing, inference of unobserved variation based on the measured
variation will no longer be necessary: The disease variants will always be directly ob-
served. Instead, the size of the data and the increased risk of false positives will be a
major problem.

My own background

As a computer scientist, I am experienced in algorithm development48–60 and computer-
tool development.23,61–64 This background gives me a different approach to the field of
disease association mapping that is otherwise generally approached statistically. A
main approach in the field so far has been accurate and sophisticated modelling in
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the methods development to achive maximal statistical power – with the result that the
methods do not scale to realistic datasets, thus actual data analysis has been done with
very unsophisticated methods.

The last three years, association mapping has been my main research interest.23,46,61,65

A key focus has been the development of computational efficient methods and computer
tools – a list of developed software is available at http://www.birc.au.dk/˜mailund/
association-mapping/ – and the trade-off between computational efficiency and me-
thod sophistication. Of special interest in this regard is the Blossoc method.46 This
method combines a population genetics model with very fast algorithms leading to a
mapping approach scalable to large data sets, with a mapping accuracy comparable or
superior to methods orders of magnitude slower.

Project objectives

The main objectives of the first part of the proposed project are to extend the methods
I have already developed – and to develop new methods as needed – to move beyond a
simple genotype data mining approach and exploit the wealth of information available
about the human genome and human population from various other sources. The
methods I have developed so far attempt to locate disease risk variations based only on
the data collected for the study in question – as do most methods in the field. Integrating
disease mapping data with population genetics data from e.g. the HapMap project, or
with genomics information such as gene interaction databases, can potentially greatly
improve these methods and help guide the search for associated markers.

The objective of the second part of the project is development of methods for new kinds
of primary data: structural variation (CNV data) and complete genomic re-sequencing.
These objectives require major changes to existing methods, or completely new meth-
ods: The existing population genetics and molecular evolution theory will be used, but
the new data will change how we search for disease-related genotypic variants. To avoid
a lag between genotyping technology and analysis methods – similar to the lag existing
today – method development of the new types of data should start as soon as possible
and not wait for the availability of the data.

The areas I wish to focus on are the following:

Gene-gene and gene-environment interaction: If interaction between genes, and be-
tween genes and environment, need to be taken into account, the search space to ex-
plore when searching for disease genes explodes in size. For simple statistical tests each
pair of genes can feasibly be explored, but for more sophisticated tests – necessary to
avoid too many false positives in the search – the search time makes an exhaustive ex-
ploration impractical. Considering three or more genes, and all combinations of these,
will be impossible even for simple and fast methods.

One way to alleviate this and reduce the state space to something more manage-
able, is to exploit the existing knowledge about gene-gene interactions. The knowledge
about which genes interact – at the protein level or through regulatory mechanisms –
is growing fast, and it is conceivable that we will know most gene interactions within a
few years. By only considering genes known to interact, we can potentially reduce the
number of tests by orders of magnitude, improving on both CPU usage and statistical
power. For gene-environment interaction, integrating environment as co-variates in the
analysis30 should be attempted. This will, however, increase the search space, thus
reduction techniques will be needed here as well.

Considering interactions between more than just pairs of genes, even with a reduced
search space, will probably be infeasible through exhaustive exploration, and instead
heuristic search methods must be developed. To improve the search time further, ap-
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proaches to parallelise computations should be considered. Parallelisation needs to
be considered early in the method development, since some heuristic search strategies
tend to be easier to parallelise than others (e.g. genetic algorithms vs. Markov-Chain
Monte Carlo).

Incorporating genomics and population genetics data: All my methods analyse pri-
mary genotype data only, and they are oblivious to knowledge gained from e.g. the
human genome project or the HapMap project. Incorporating such knowledge should
improve the methods. A starting point here would be to extend my methods – espe-
cially the Blossoc method – to make use of the recombination rate map of the human
genome,35,36,66 and to make use of known so-called haplotype blocks and known hap-
lotype phase. With such information available, the statistical inference in the Blossoc
method will be both faster and more accurate. Achieving this improvement will require
both informatics development – dealing with the different kinds of data and combin-
ing them in an optimal way – and algorithmic development – improving the algorithms
underlying Blossoc to exploit the additional information.

Complex phenotypes: With improved technology for measuring biological systems, we
can expect more complex phenotypes (observable characteristics) to appear in future
studies, e.g. gene expression levels for large sets of genes, or time series of expression
levels of selected genes. Some dimensionality reduction will be necessary to deal with
such phenotypes, but reducing these high-dimensional data points to one-dimensional
values, such that current mapping methods can cope with them, will be too drastic
a reduction. Instead I propose to use a clustering based association scoring, combin-
ing genotype clustering18,21,46 with phenotype clustering (similar to how the Blossoc
method deals with association mapping of simple phenotypes): when genotype clus-
tering matches phenotype clustering, that would be taken as a signal of association.
Essential for this approach is computational efficient clustering methods and, depen-
dent on the type of complex phenotypes, memory and IO efficient management of the
data.

New genotyping and sequencing technologies: My approach to dealing with CNV data
will depend on the development of population genetic theory for such data. If promising
models appear, I will attempt to modify the Blossoc method to deal with CNV data. Al-
ternatively, I will take a clustering approach: Local similarity measures18,21 will be used
to cluster genotypes, and association will be measured by the corresponding clustering
of phenotypes.46

For full genomic re-sequencing, my approaches will also be based on co-clustering
of genotypes and phenotypes. The major challenge here, however, will most likely be
efficient management of the very large dataset, when the full genome of hundreds or
thousands of individuals must be analysed.

Time schedule

1st year: Explore the benefit of using known gene-gene interactions for detecting dis-
ease association. Extend my methods (at least the Blossoc method) to test for associ-
ation in pairs of genes and to use gene-gene interaction networks to select the pairs
to examine. Extend methods to consider co-variates such as environmental factors.
Develop software framework for parallel execution of methods (together with B. Vinter’s
group; see collaborators below). Promising methods will be applied to the POLYGENE
dataset (see collaborators below).
2nd year: Extend methods to exploit recombination rate maps and known haplotype
blocks from e.g. HapMap. Extend methods to consider complex phenotypes. Again,
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promising methods will be used on the POLYGENE datasets. Explore and develop mod-
els for CNV data and models for association mapping based on CNV data.
3rd year: Develop methods for analysing full re-sequencing data. This will be as much
an informatics challenge as a computational challenge. None of my existing methods
will be able to scale to this challenge, so it is necessary to develop completely new meth-
ods. The parallel computation framework developed for the existing methods should be
extendable to this, however.

Research environment

The project will be carried out at the Bioinformatics Research Center (BiRC), University
of Aarhus. BiRC is a collaborative effort between The Faculty of Science and The Fac-
ulty of Health Sciences, and hosts an equal mix of statisticians, computer scientists and
biologists. At BiRC, one professor, two associate professors, two postdocs (myself in-
cluded) and three Ph.D. students work on related problems and will be close discussion
partners and collaborators in this project.

Collaborators: A close collaboration is already established with Prof. Jotun Hein’s
group at University of Oxford, UK; Prof. Bart Kiemeney, Radboud University Nijmegen
Medical Centre, Netherlands, and the statistical department at DeCODE Genetics,
Iceland, within the EU funded POLYGENE project. The POLYGENE project – www.
polygene.eu – gives me a unique opportunity to apply my methods on real data. At
DeCODE Genetics, one of the world’s largest genotype datasets is available and the
statisticians at DeCODE Genetics are among the world leaders in genome wide disease
mapping studies.

During my postdoctoral stay at University of Oxford I established collaborations with
Prof. David Balding, Imperial College, London, UK, and Dr. Yun S. Song, UC Davis and
Berkley, US. Both collaborations concern methods and algorithmical development and
will continue in this proposed project.

For CPU intensive computations, I am collaborating with Prof. Brian Vinter’s group at
University of Copenhagen.67,68 Vinter’s group develop grid computing technology, and
for the last three years I have had access to their resources as a test user. I will have
access to the computer resources on their grid system and collaborate in the further
development of their system.

At BiRC we also have close collaborations with Prof. Lars Bolund, Institute of Human
Genetics, and through him, Prof. Wang Jun, Beijing Genomics Institute, China. In
the proposed project we will use re-sequencing technology to analyse a candidate gene
currently being investigated at the Institute of Human Genetics.

Publication outcomes and career plan

Developed methods will be published in relevant journals (e.g. Genetics, Genetic Epi-
demiology, Bioinformatics) and implemented in computer tools that will be made avail-
able on the Internet as open source software for other research groups. Through my
collaborations, the computer tools will be applied in real disease mining studies. Any
findings in such studies will be published together with my collaborators.

The project will be used to develop my profile at BiRC, hopefully resulting in an as-
sociate professorship in this research centre. BiRC has a strong profile in statistical
modelling and population genetics, and has several people working on problems related
to the proposed project. My computer science background and focus on computa-
tional/algorithmic challenges complement the more statistical/modelling focus of my
colleagues at BiRC and have, so far, lead to fruitful collaborations.

5



References
1. International HapMap Consortium. A haplotype map of the human genome. Nature, 437

(7063):1299–1320, 2005.

2. J. Gudmundsson et al. Genome-wide association study identifies a second prostate cancer
susceptibility variant at 8q24. Nat Genet, 39(5):631–7, 2007.

3. J. Gudmundsson et al. Two variants on chromosome 17 confer prostate cancer risk, and the
one in TCF2 protects against type 2 diabetes. Nat Genet, 39(8):977–83, 2007.

4. D.F. Easton et al. Genome-wide association study identifies novel breast cancer susceptibility
loci. Nature, 447(7148):1087–93, 2007.

5. Genome-wide association study of 14,000 cases of seven common diseases and 3,000 shared
controls. Nature, 447(7145):661–78, 2007.

6. R. Saxena et al. Genome-wide association analysis identifies loci for type 2 diabetes and
triglyceride levels. Science, 316(5829):1331–6, 2007.

7. E. Zeggini et al. Replication of genome-wide association signals in UK samples reveals risk
loci for type 2 diabetes. Science, 316(5829):1336–41, 2007.

8. J.A. Todd et al. Robust associations of four new chromosome regions from genome-wide
analyses of type 1 diabetes. Nat Genet, 39(7):857–64, 2007.

9. L.J. Scott et al. A genome-wide association study of type 2 diabetes in Finns detects multiple
susceptibility variants. Science, 316(5829):1341–5, 2007.

10. D.J. Smyth et al. A genome-wide association study of nonsynonymous SNPs identifies a type
1 diabetes locus in the interferon-induced helicase (IFIH1) region. Nat Genet, 38(6):617–619,
2006.

11. R.H. Duerr et al. A genome-wide association study identifies IL23R as an inflammatory bowel
disease gene. Science, 314(5804):1461–3, 2006.

12. M. Cargill et al. A large-scale genetic association study confirms IL12B and leads to the
identification of IL23R as psoriasis-risk genes. Am J Hum Genet, 80(2):273–90, 2007.

13. I. Pe’er et al. Evaluating and improving power in whole-genome association studies using
fixed marker sets. Nat Genet, 38(6):663–667, 2006.

14. D. Altshuler and M. Daly. Guilt beyond a reasonable doubt. Nat Genet, 39(7):813–5, 2007.

15. F. Larribe et al. Gene mapping via the ancestral recombination graph. Theor Popul Biol, 62
(2):215–229, 2002.

16. J. Li et al. Haplotype-based quantitative trait mapping using a clustering algorithm. BMC
Bioinformatics, 7(1):258, May 2006. doi: 10.1186/1471-2105-7-258.

17. J.S. Liu et al. Bayesian analysis of haplotypes for linkage disequilibrium mapping. Genome
Res, 11(10):1716–1724, 2001. doi: 10.1101/gr.194801.

18. J. Molitor et al. Fine-scale mapping of disease genes with multiple mutations via spatial
clustering techniques. Am J Hum Genet, 73(6):1368–1384, 2003.

19. A.P. Morris et al. Fine-scale mapping of disease loci via shattered coalescent modeling of
genealogies. Am J Hum Genet, 70(3):686–707, 2002.

20. B. Rannala and J.P. Reeve. High-resolution multipoint linkage-disequilibrium mapping in
the context of a human genome sequence. Am J Hum Genet, 69(1):159–178, 2001.

21. E.R.B. Waldron et al. Fine mapping of disease genes via haplotype clustering. Genet Epi-
demiol, 30(2):170–179, 2006.

6
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