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Deliverable 7b.3.1a

EXECUTIVE SUMMARY

The Large Knowledge Collider (LarKC) project is building a platform for scaleable
reasoning over terabytes of scientific data, using massive distributed incomplete rea-
soning. One of the use cases is carcinogenesis research. This has two scenarios, as
described in LarKC Deliverable D7bl.1a Requirements summary. First, improved lit-
erature search is required to assist with the production of carcinogenesis reference
works (known as Monographs). Second, literature knowledge mining is required to
assist with predicting gene-disease associations in Genome Wide Association Studies
(GWAS).

In the first 18 months of LarKC, we have built prototype software that uses LarKC
to assist with the GWAS scenario. This is Version 1 of the use case software, and is
described in LarKC Deliverable D7b.3.1b Version 1 prototype.

This document gives a report of the use of the prototype software. The report is
provided as actual and draft research papers. First, one of several abstracts presented
to international genetics audiences is provided. These shows that the software has
use and credibility in the use case user community. Second, a draft journal paper is
provided. This includes a quantitative evaluation of the prototype performance.

These papers replace the iteration evaluation report described in D7b.1.1b Iteration
evaluation methodology and report template.
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1. Introduction

This deliverable reports on the development of software to support the LarKC WPT7b
Carcinogenesis use case. The software is developed iteratively over the life of the
LarKC project. This report covers the first iteration.

The first iteration of the software itself has been delivered as LarKC' deliverable
D7b.8.1b, Version 1 prototype [1], and is described in the report accompanying that de-
liverable. The prototype software provides support for data analysis in Geneome wide
association studies (GWAS). When describing the software, the attached research pa-
per makes certain assumptions, given audiences in genetics and bioinformatics journals.
Simplified descriptions can be found in other deliverables. The use case is described
in detail in D7b.1.1a Requirements summary and data repository [7], and a short, il-
lustrated, description is given in LarKC deliverable D7b.5.1b, Version 1 prototype [1].
The following introduction to the use case is taken from the latter.

1.1 Summary of the use case

GWAS use bioprobes (SNPs - gene markers) to look for higher levels of association
between genes in a diseased subjects as opposed to controls. The large numbers of
markers mean that huge numbers of samples are needed to achieve sufficient statistical
power.

Analysis of raw experimental data uses common statistical models to find the
relevance of each marker, and rank them in order of relevance to the disease. Genes
close to the top few markers are then studied in more depth. This last bit is expensive,
and improving rankings could improve both the efficiency and the economics of the
technique. Analysis could be improved if we incorporated knowledge we might already
have about genes - prior knowledge. Such knowledge is available e.g. in the vast
numbers of research databases and research publications that now exist in the Life
Sciences, sometimes known as the data-ome and bibli-ome.

LarKC WP7b aims to apply LarKC technology to this problem, scaling knowledge
discovery across the large amounts of biomedical knowledge now encoded in the data-
and bibli-ome, and applying it to the millions of data points in a typical GWAS. We
have prototyped a technique with the WHQO’s cancer research unit, IARC, to combine
prior knowledge about a gene with experimental data, thus improving statistical power.
The prototype uses early versions of LarKC plugins, and uses the LarKC data layer.

1.2 Carcinogenesis use case iterations

The general approach for reporting each use case prototype iteration is described in
D7b.1.1b Iteration evaluation methodology and report template [6], which describes a
system evaluation based on usability. By presenting research papers, we have departed
from the usability evaluation plan. This departure is justified because:

e The usability evaluation gives a qualitative, user centric view. In this itera-
tion, the software produces quantitative data. This can therefore be evaluated
quantitatively - as is done in the attached papers.
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e The usability evaluation assumes a large amount of interaction between the user
and an interface. In this iteration, there is very little end user software. The
interface is minimal. The software delivers data sets to the end-user, which they

then manipulate in their existing tools.

e Usability is shown by the papers presenting results from this iteration to end
user conferences and workshops, given in Appendix A.

1.3 Substituted research papers
The substituted papers are included in the appendices to this report.

e Appendix A includes a list of papers presented to end-user conferences and work-
shops, and gives an example of one.

e Appendix B gives a draft journal paper.
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A. Accepted Abstracts and presented talks

This appendix gives details of abstracts for talks and posters presented at end-user
conferences. These papers describe the underlying technique, of:

e Mining the literature to assign a prior probability to SNPs;

e Using a Bayesian model (BFDP) to rank SNPs.

The appendix gives, in the following pages, the abstract of a paper presented at
The American Society of Human Genetics (ASHG) 59th Annual Meeting [2].
Similar material has also been presented at:

e International Genetic Epidemiology Society (IGES) 18th Annual Conference [3]

e 3rd Annual Collaboration Meeting on Cancer Epidemiology of Northern Sweden,
ACME-NS [4]

e Open door workshop on on Human Genome Sequence, Wellcome Trust [5]
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Using prior information attained from the literature to
improve ranking in genome-wide association studies

Mattias Johansson?, Yaoyong Li?, Jon Wakefield®, Mark Greenwood?,
Thomas Heitz?, lan Roberts?, Hamish Cunningham?, Paul Brennan?!, Angus
Roberts?, James Mckay?

1) International Agency for Research on Cancer (IARC), Lyon, France
2) Department of Computer Science, University of Sheffield, Sheffield, UK
3) Departments of Statistics and Biostatistics, University of Washington, Seattle, USA

Advances in high-throughput genotyping have made it technically possible
to analyze hundreds of thousands of single nucleotide polymorphisms
(SNPs) across the whole genome. Using this technology it is now feasible
to conduct genome-wide association studies (GWAS) aiming to investigate
the majority of common genetic variation and relate it to some phenotypic
differences, often to risk of some disease. Whilst the price of GWAS assays
are decreasing rapidly, conducting a GWAS is still a very expensive
exercise, typically requiring genotyping several thousands of subjects at
several hundreds of euros per sample in order to gain sufficient statistical
power to distinguish the true association signals from the background

noise.

Recognizing that a large proportion of GWAS findings reside near potential
candidate genes for many of the investigated phenotypes, we here
explore means to incorporate prior information attained from the literature
to improve ranking in GWAS. We use this information to assign a crude
prior probability of association for each SNP. The prior probabilities are
thereafter integrated with the association result from the GWAS and the
SNPs are re-ranked according to Baysian false-discovery probability
(BFDP). We show that this methodology improves the ranking for many
known susceptibility loci with examples from studies on lung cancer and
cancer of the upper aero digestive tract (UADT), see Table 1. We have
implemented this methodology in a web application where a user can
specify a list of keywords and receive priors for all SNPs of interest. These
priors can thereafter be used to rank the SNPs according to the BFDP.



Table 1. Comparison of p-value-based and BFDP-based ranking
for SNPs previously robustly implicated in lung cancer

Proportion of

Median rank (power to rank SNP
within the top 100)

SNP data sampled P-value BFDP
rs1051730 50% 959 (17%) 793 (18%)
Endpoint: Lung cancer 75% 10 (80%) 8 (81%)
15025.1 100% 2 2
rs2736100 50% 17989 (3%) 1350 (16%)
Endpoint: Lung cancer 75% 2359 (4%) 222 (31%)
5p15.33 100% 77 8
rs3117582 50% 20033 (3%) 1038.5 (13%)
Endpoint: Lung cancer 75% 2717 (6%) 184.5 (35%)
6p22.33 100% 124 10
rs401681 50% 25446 (2%) 1866 (10%)
Endpoint: Lung cancer 75% 2775 (8%) 249 (32%)
5p15.33 100% 74 6
rs4324798 50% 7495 (3%) 6178 (3%)
Endpoint: Lung cancer 75% 844.5 (25%) 545 (28%)
6p22.1 100% 4 4
rs8034191 50% 502 (24%) 425 (28%)
Endpoint: Lung cancer 75% 4 (87%) 3.5 (89%)
15025.1 100% 1 1
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B. Draft paper for submission

This appendix gives the text of a draft paper, to be submitted to BMC Bioinformatics.
Note that the format is as required for submission to this journal.

The draft is awaiting further experimental data, duplicating the results with a
second data set, before completion.
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Using prior knowledge to boost the statistical power of
genome-wide association studies
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Abstract

Background: Genome-wide association studies use Single Nucleotide Polymorphism markers to look for higher
levels of association between genes in a diseased subjects as opposed to controls. The large numbers of markers
mean that large numbers of samples are needed to achieve sufficient statistical power. Analysis of raw
experimental data uses common statistical models to find the relevance of each marker, and to rank them in
order of relevance to the disease. Genes close to the top few markers are then studied in more depth. Further
study of high-ranking genes is expensive, and improving rankings could improve both the efficiency and the
economics of the technique. Analysis could be improved if we use knowledge we might already have about genes
- prior knowledge. Such knowledge is available in the many research databases and research publications that
exist in the Life Sciences. The knowledge can be incorporated with experimental data using a Bayesian False
Discovery Probability model. In order to harness this knowledge in a flexible, extensible and scaleable manner,
we need an experimental platform that can mine the natural language literature, that can link that literature to
multiple other data sources, and that can select and reason over the linked whole. Such a data layer and
platform is provided by the LarKC project.

Results: We show that using prior knowledge mined from the research literature improves the ranking of known
markers in two genome-wide association study datasets. We discuss how the use of prior knowledge can be
extended using the LarKC platform.

Conclusions: Using prior knowledge in the analysis of genome-wide association study data brings improvements
to statistical power. The technique has the potential to find new gene-disease associations, with cost and

efficiency savings over existing techniques.




Background

In the recent past, studies of gene disease association either concentrated on looking at those genes in
particular families susceptible to the disease, or at those genes for which we had some strong hypothesis
based on prior knowledge. This is problematic, as the search for a gene is based on the availability of
specific family groups, and on the scientist’s own preconceptions and biases.

Given advances in human genome sequencing, genetic testing, and the availability of samples from large
population studies, it is now possible to carry out new types of study in the association between genes and
diseases - Genome Wide Association Studies (GWAS). In these, samples are tested from thousands of
subjects with the disease in question, and thousands of disease-free controls. Each sample is tested for
many hundreds of thousands of Single Nucleotide Polymorphisms (SNPs), which are used as probes or
markers. The relative frequency of a marker in disease and controls, then Odds Ratio (OR) is measured. If
a marker is found more frequently in disease samples as opposed to control samples, then perhaps genes
close to that marker are associated with the disease. The emphasis is on genome-wide evidence, and less on
the biased selection of an individual researcher.

Of course, analysis of raw experimental Odds Ratios is not quite so simple as a straightforward frequency
measure. Common statistical models are used to find the significance of each marker, and to rank them in
order of relevance to the disease. Figure 3 shows the results of such a study. The horizontal axis gives
position on the human genome. The vertical axis gives log of significance. Each dot represents a single
SNP. Those above the threshold line are the ones considered significant enough to warrant further
investigation. These markers turned out to be clustered near two genes that are now shown to be
associated with lung cancer. Genes close to the top few markers are studied in more depth. This last bit is
expensive, and improving rankings could improve both the efficiency and the economics of the technique.
We have developed a technique to incorporate knowledge we might already have about genes - prior
knowledge - into the analysis. For example, if we are studying lung cancer, and if we already know that a
marker is close to a gene expressed in lung tissue, then we could boost the ranking of that marker. Such
prior knowledge can be found in the vast numbers of research databases and research publications that now
exist in the Life Sciences.

In order to implement this technique, we have two requirements. First, for each SNP, we need to be able to
find the prior knowledge that is relevant to the disease in question. Second, we need a model with which to
integrate the prior knowledge with experimental data from the GWAS.

We have met these requirements by building a prototype for the LarKC platform [6]. We have met the first
requirement through the use of Linked Life Data (LLD) - a data schema and repository implemented on
the LarKC project data layer [7]. In our prototype, we use the presence of keywords in curated literature
descriptions, linked via LLD, as an indication of prior knowledge. We have implemented the second
requirement using a Bayesian model to combine prior probability with new evidence from experimental
GWAS data. We use Bayesian False Discovery Probability (BFDP) [1,2], which is explained in the next
section. The BFDP model has been implemented as plugins for the LarKC platform.

The next section describes our methods, and explaining the way in which prior knowledge is found and
detailing the Bayesian model used. Following this, we give results for experiments using a simple
prototype, showing that the technique has greater statistical power than simple significance tests, and that

it is capable of finding significant genes with less data. The Discussion describes a web service and



interface for calculating prior probabilities, looks at how the technique can be further refined, and how it

may be extended using the LarKC platform. Finally, we conclude by stating the benefits of the method.

Methods
This section describes the methods used to boost the statistical power of GWAS, using prior knowledge.

GWAS looks for the genes relevant to one particular disease. In practice, the genetyping technique used
detects differences at SNP positions in the genomes of the case and the control. The GWAS is therefore
testing the relevances of SNPs to a disease. This in turn gives the genes covering the same position as the
SNP, or in the region of the SNP. When using prior knowledge, we therefore set priors for each SNP.
Prior knowledge is combined with experimental data using a Bayesian model. This section describes the
Bayesian model first, followed by a description of how prior knowledge is obtained. Next, we discuss how
the prior knowledge is used to assign a probability for the Bayesian model. Finally, we examine the
experimental GWAS data used.

Bayesian False Discovery Probability

In order to integrate prior knowledge from research databases and literature, with experimental data from
a GWAS, we adopt a Bayesian approach. Bayesian inference computes a new (or posterior) probability for
a hypothesis by updating the prior probability (or the prior) using new evidence or observation. Our priors
are computed from previous information, which may exist in the literature, databases and other sources.
These priors are updated using the new evidence provided by experimental data from a GWAS. In the
experiments described in this paper, information from biomedical literature is used to determine the priors.
Bayesian False Discovery Probability (BFDP) is defined in [2]. We computed a BFDP for each SNP in a
GWAS data set. The smaller a BFDP is, the more likely the corresponding SNP is relevant to the disease.

Summarising from [2], we assume that the prior is my. The prior odds is then defined as

o
PO = 1
p— (1)
Then BFDP is computed as
ABF x PO
BFDP= ———F— —— 2
ABF x PO+1 @)

where ABF is the Approximate Bayes Factor. Bayes factor (BF) is a ratio of the conditional probabilities
of the observed data v = (y1,...,7n) respectively on the null hypothesis Hy and the alternative hypothesis
Hl, ie.

BF = M (3)

p(v[H1)

ABF is an approximation of BF by using logistic regression on the observed data and some normalisation
and independence assumptions (for details see [2]). Therefore the ABF is computed solely from the
observed data and BFDP is a combination of ABF and the prior.



Finding prior knowledge

We assign priors to SNPs, for the above BFDP calculation, based on the occurrence of prior knowledge in
research databases and literature. This prior knowledge is retrieved for each SNP, from Linked Life Data
(LLD) [8] as implemented in the LarKC data layer. This is shown in Figure 4, and described below.
Several genes may be in the region of a gene marker. We retrieve the IDs of all genes within a certain
distance of the marker (100 000 base pairs in all reported experiments). Each gene has structured
knowledge associated with its ID, in several different knowledge sources incorporated in LLD. Some of
these knowledge sources also contain references to research papers of relevance to the gene. We collect a set
of key terms of relevance to the disease, chosen by a domain expert. E.g. for lung cancer, these might be
words such as “lung”, “cancer”, “tobacco”. We search for these key terms in the associated knowledge and
research papers, and assign a prior based on the presence or absence of these key terms. Key term search
and prior assignment is implemented as plugins for the LarKC platform. The precise details of prior
assignment are given in the next section.

In the prototype, we use a single knowledge source, Entrez Gene !. Given a SNPs position, this is used to
determine the genes within 100 000 base pairs of a SNP. Each gene in Entrez Gene may have associated
with it short pieces of curated text, GeneRIFs. Each of these GeneRIFs describes some functional aspect of
the gene, as derived from a single research paper, to which the GeneRIF is linked. In the prototype, prior

knowledge is derived by searching these GeneRIFs for key terms. Key terms were split into three groups:

e Group A: terms referring to the organ that the disease resides in (e.g. lung for lung cancer).

e Group B: terms referring to etiological factors, such as smoking for lung cancer. This group is also

used for general terms such as “genome-wide association study”.

e Group C: mechanistic terms such as “DNA damage” and “genetic disease”.

Setting the priors
For each SNP we want to evaluate Pr(Hyly, z) where Hy is the null of no association, y is the GWAS data

(ie the confidence interval), and z is the search information. The posterior odds of Hy is given by:

PosteriorOdds(y, z) = BF (y)BF(z) PriorOdds 4)

where BF(y) and BF(z) are the Bayes factors based on the GWAS and search information which
(crucially) we have assumed are independent. The decision rule is then to reject the null hypothesis if the
Posterior Odds are less than % where L2 is the loss of a Type II error (false positive) and L1 is the loss of
a Type I error (false negative).

We can also write:

Pr(Hp|z)
P(H|z)

We can evaluate PosteriorOdds(z) in the following way.

PosteriorOdds(y, z) = BF (y) = BF(y)PosteriorOdds(z) (5)

Yhttp://www.ncbi.nlm.nih.gov/sites/entrez?db=gene



PosteriorOdds(z) = % (6)

For each SNP, we assign a prior class according to the existence of prior knowledge. In our prototype case,
this is the existence of key terms from our three groups A, B, C in the GeneRIF text. For each SNP, this
gives z as one of one of the following eight classes, based on the presence of key terms from the three

groups:
e (1 = none of the three key term groups.
e (5 = group A only
e (3 = group B only
e (4 = group C only
e C5 = group A and group B only
e (g = group A and group C only
e (7 = group B and group C only
e (g = all three groups.

So now we need to evaluate

: P(Ho|Cj) _ P(Cj|Ho)P(Ho)
PosteriorOdds(C;) = PULIC,) = P(C; | Hy) P(H,) (7)
where j =1...8
For the denominator we could think about how many SNPs we believe to be truly associated, and then
how many fall in each category. For example, if a prior guess at the number of non-null SNPs in an
experiment is 200, and we have 500 000 SNPs,
200
P = 550000
Further, if we guess the numbers in each category to be: {100, 20,0, 0, 20,20,0,10}

then we have

100 10
P(C1\H1)=%---P(CS|H1):T.O (9)

For the numerator P(C;|Hy) could we approximate by P(C;) which could be based on the number of
overall searches you find for all SNPs, ie if 95% out of 500 000 SNPs have Cy only then P(C1|Hp) is

approximately 0.95. Or, we can calculate more exactly using the identity:

Pr(Cy) = Pr(C;|Ho)Pr(Ho) + Pr(C;|Hy)Pr(H;) (10)

which can be rearranged to give:



PT'(CJ)*PT(CJ|H1)PT‘(H1)
Pr(Ho) -

To simplify, we merged prior classes to give five classes, denoted C,,1.. 5 below:

Pr(Cj|Ho) =

o O =Cy

e Cpa = C5/Cs

o Cpz=CY

o Oy = C2|C3]Cy
o Cps =Ch

These five levels are used throughout this paper unless stated otherwise.

Experimental data

The genetyping data used was produced by the International Agency for Research on Cancer (IARC)
Central Europe Lung Cancer Study, as reported in [3,5]. The data consists of 310023 SNPs over 2971 cases
and 3746 controls. The association between the SNP and disease risk was estimated with Odds Ratio (OR)
and the 95% confidence interval (CI), using a multivariate unconditional logistic regression and assuming a
co-dominant genetic model (the effect of the variant by log-additive model with 1 degree of freedom). We
used PLINK?25 for this calculation. Study matching variables of age, sex, and country of recruitment were
included in the regression as covariates. See [3,5] for more details about the statistical analysis of the
experimental data.

The only difference between our experiments and the results presented in [5] is that we used prior
knowledge from the literature combined with genetyping data, while [3,5] only used genetyping data.
When finding prior knowledge, we excluded GeneRIFs from literature published after the reference article
(03 April 2008). This ensures that evidence found from the original GWAS experiment, with which we are
comparing our method, does not become prior knowledge for our method. As GeneRIFs have no associated
date, we used MEDLINE to find the publication date of the GeneRIFs’ associated articles. We adopted a
conservative strategy for those MEDLINE entries for which publication dates were not complete. For
example, if a publication date had only month mm and year yy, we set the date as 31/mm/yy.

We used 11 key terms which are related to lung cancer, partitioned into three groups as explained above:

e Group A: lung

e Group B: smoking, tobacco, genome wide association study, carcinogen, adenocarcinoma, non-small

cell carcinoma

e Group C: DNA repair, DNA damage, genetic disease, genetic trait



Results

The section presents the experimental results of applying BFDP to the lung cancer study data from [3].
We will first show the SNP rankings produced by BFDP where all the SNPs were assigned the same prior,
and where no key term groups or search were used. This is shown in Table 0.1. We can see that if we do
not use any keyword at all and set the prior to be the same for each SNP, the BFDP ranks are similar to
the P-values based ones. BFDP therefor gives little improvement over P-value in this case.

Next, we show the effect of assigning different priors in the BFDP model,using the keyword groups from
the previous section. These results are shown in Table 0.2, for six SNPs which are known to have a highly
probable association with lung cancer. Results for the full data set are shown in the 100% row for each
SNP. SNP rankings based on P-Value and BFDP are shown. The BFDP with priors ranks all of these
SNPs, which we know have an association with lung cancer, at either the same rank or higher than the
typically used P-Value. BFDP ranks all six within the top 10 ranks, whereas P-Value ranked three of the
six SNPs at ranks 74, 77 and 124. BFDP is more able to find the association between these three SNPs

and lung cancer.

Varying the size of the genetyping dataset

We ran experiments varying the size of the genetyping dataset. We produced two smaller data sets by
sampling a three-quarters and half of the cases and controls, respectively. The two smaller data sets are
denoted as 756% and 50% in Table 0.2. In each case, we examined the power of both BFDP and P-Value to
produce the same ranking as the 100% data set. It is clear that BFDP has a better power to rank SNPs

than P-value, even with half as much data.

Different keyword lists
We also ran some experiments to check the sensitivity of results to the keyword lists. The original keyword
list contains 11 terms, as discussed in the previous section. We carried out experiments with different

keyword lists, as follows:
e Experiment A used six terms in three groups

— Group A lung
— Group B carcinogen, non-small cell carcinoma

— Group C DNA repair, genetic disease
e Experiment B used three terms in three groups:

— Group A lung
— Group B smoking

— Group C genetic disease

e Experiment C used just one keyword, in one group: lung.



The ranks of the six SNPs in the three experiments are presented in Table 0.3.
We can see that using a smaller keyword list changes the ranking. However, even just using “lung” as

keyword in the Experiment C, the ranks were still better than those from P-value.

Discussion

The results in the previous Section show that BFDP using prior knowledge can better rank known
gene-disease associations, and that it has greater statistical power than P-Value. In this Section, we look at
how the selection of prior knowledge might be further improved. We then describe how implementing the
technique on the LarKC platform gives us the flexibility to examine other sources of prior knowledge.

Finally, we present a prototype web interface to a GWAS BFDP service, based on LarKC software.

Further improving the selection of prior knowledge

We have considered several extensions to the technique, to improve both performance and theoretical
soundness. We present these below.

It is argued that one advantage of GWAS over other techniques, is that there is no selection bias. The
investigator has not selected genes for examination using any preconceptions. By allowing the investigator
to select a set of keywords, however, it could be argued that we have re-introduced selection bias. It would
be straightforward to amend the BFDP with prior knowledge technique to remove this bias. We can
envisage an investigator inputting only the genetic endpoint that they are investigating - such as lung
cancer. We would use this as a seed to find other relevant key terms for prior knowledge mining, using for
example a term frequency measure such as TFIDF. Further to this, we could assign weights to key terms
based on their frequency, and use these to create a continuous prior, as opposed to the current set of
discrete levels.

We also make no distinction when calculating the prior as to where the keywords appear, and the
frequency of keywords. There is clearly much scope for experimentation.

We currently use a fixed window size of 100 000 base pairs, selecting prior knowledge for all genes within
this distance of each SNP. The strength of association of a SNP to a gene is not, however, linear. In some
cases, distant SNPs may be more closely related to a gene than in other cases. This strength can be
measured with Linkage Disequilibrium (LD). We could use LD to vary window size.

It is possible that the technique falsely raises the prior of SNPs that fall distant from, but between, two
genes by including them within the window for both. This would give a higher prior than a SNP that
occurs inside one or other of the genes. A simple solution would be that the prior of a SNP is simply the

maximum of the priors calculated for each gene in its window.

Using other sources of prior knowledge
The reported experiments use a very simple model of prior knowledge: keywords found in manually
curated text. One advantage of using the LarKC data layer, is that multiple other sources can be included,

with unified schemas. The data layer also has scope for storing semantic annotations — linking of terms in



text to concepts in other knowledge sources. We can envisage much richer prior knowledge sources that
involve such conceptual markup and selection over multiple life science data sources and ontologies.

For example, we might want to assign a higher prior, when searching for “kidney”, if we were to find that a
gene is expressed in some anatomical structure that has a part-whole relation to kidney. This would clearly
involve handling multiple relationships in multiple data sources. Similarly, what if we need to assign a
higher prior if a gene is involved in a pathway known to be important in the metabolism of a component of
a carcinogen?

We illustrate these types of prior knowledge search in Figure 5. The intention of using the LarKC data
layer and platform, is to gives us the flexibility, adaptability and scalability to move beyond our current

key term model, to examine these richer searches.

A web interface for BFDP calculation

We have implemented the current method using LLD and LarKC plugins. We have provided a simple web
interface with which GWAS investigators can access the service. This is shown in Figures 1 and 2. Figure 1
shows the page through which an investigator can set up an analysis. The investigator provides a list of
SNPs, or the name of a known set of SNPs (current sets include a set for all SNPs, and sets for some
common micro-array chips). The investigator then sets keywords, and sets the experiment running.

Figure 2 shows details of a running experiment.

Conclusions

We have demonstrated a method for ranking SNPs in GWAS, incorporating prior knowledge about genes
close to the SNP, with experimental data. When compared to P-Value, the method improves the ranking
of SNPs from a test set already known to be associated with lung cancer.

The method finds prior knowledge by searching for key words in text associated with the SNP, via nearby
genes. Prior knowledge is integrated with experimental GWAS data using a Bayesian model, BFDP, and a
reasoned method for assigning priors.

We have implemented the method as a service using LLD and LarKC software, and provided a web
interface. We are exploring ways in which further use can be made of the LarKC platform

Our method could bring significant cost savings to GWAS, by improving statistical power, this reducing

the size of data required to identify new associations.
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0.1 Table - fixed priors
The BFDP and the ranks for the six SNPs in the experiment where all the SNPs had the same prior 0.9.

SNP Prior BFDP Rank
rs8034191 0.1 6.155E-6 1
rs1051730 0.1 5.541E-5 2
rsd324798 0.1 9.996E-4 3
rs3117582 0.1 0.051 67
rs2736100 0.1 0.065 75
rs401681 0.1 0.316 491
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0.2 Table - comparison of P-Value and BFDP ranking
Comparison of p-value and BFDP based ranking for SNPs which have previously been robustly implicated

in lung cancer.

Proportion of P-value BFDP
SNP ID Gene data samples | Rank ‘ Power | Rank ‘ Power
rs1051730 | 15q25.1 100% 2 - 2 -
5% 10 80% 8 81%
50% 959 17% 793 18%
rs2736100 | 5p15.33 100% 7 - 8 -
75% 2359 4% 222 31%
50% 17989 3% 1350 16%
rs3117582 | 6p22.33 100% 124 - 10 -
75% 2717 6% 184 35%
50% 20033 3% 1038 13%
rs401681 | 5p15.33 100% 74 - 6 -
75% 2775 8% 249 32%
50% 25446 2% 1866 10%
rs4324798 | 6p22.1 100% 4 - 4 -
5% 844 25% 545 28%
50% 7495 3% 6178 3%
rs8034191 | 15¢25.1 100% 1 - 1 -
5% 4 87% 3 89%
50% 502 24% 435 28%
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0.3 Table - varying keywords
The BFDP based ranks of the six SNPs in the three experiments which use different keyword lists.

SNP Experiment A Experiment B Experiment C
rs8034191 1 1 1
rs1051730 2 2 2
rs4324798 3 3 3
rs3117582 4 5 20
rs2736100 6 28 26
rs401681 27 51 158
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