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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, as described in LarKC Deliv-
erable D7b1.1a Requirements summary. One scenario of this use case uses literature
knowledge mining to assist with predicting gene-disease associations in Genome Wide
Association Studies (GWAS).

In the first 33 months of LarKC, we built prototype software that uses LarKC to
assist with the GWAS scenario. This is Version 2 of the use case software, and is
described in LarKC Deliverable D7b.3.2b Version 2 prototype.

This document gives a report of the use of the prototype software. First, a qual-
itative evaluation of the interface by end-users is presented. Second, a quantitative
proof-of-principle evaluation of the software is given, showing that it makes a signifi-
cant difference in the ranking of gene-disease associations. Lastly, a brief analysis of
the keywords used by the software for text mining is given.
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1. Introduction

This deliverable reports on the development of software to support the LarKC WP7b
Carcinogenesis use case. The software is developed iteratively over the life of the
LarKC project. This report covers the second iteration.

The first iteration of the software was delivered as LarKC deliverable D7b.3.1b, Ver-
sion 1 prototype [1], and its development and evaluation reported in LarKC deliverable
D7b.3.1a, Version 1 iteration report [5].

The second iteration of the software, covered by this report, was delivered as LarKC
deliverable D7b.3.2b, Version 2 prototype [2].

The prototype software provides support for data analysis in Geneome wide asso-
ciation studies (GWAS). When describing evaluations, the material reported assumes
that the reader is familiar with GWAS. Simplified descriptions can be found in other
deliverables. The use case is described in detail in D7b.1.1a Requirements summary
and data repository [4], and a short, illustrated, description is given in LarKC deliv-
erable D7b.3.2b, Version 2 prototype [2]. 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 WHO’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 [3], which describes a
system evaluation based on usability. By presenting quantitative evaluation results, we
have departed from the usability evaluation plan. This departure is justified because:
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• 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 this report.

• The usability evaluation assumes a large amount of interaction between the user
and an interface. In practice, there is very little end user interaction with the
software. The interface is minimal. The software delivers data sets to the end-
user, which they then manipulate in their existing tools.

• Usability has previously been shown by reserach papers presenting results from
the previous iteration to end user conferences and workshops, given in [5].

1.3 Outline of the report

Three evaluations are presented. First, Chapter 2 presents a quantitative examina-
tion of the software, by evaluating how it performs over SNPs already known to be
associated with diseases. The second evaluation in Chapter 3 gives a domain expert
evaluation of example keywords generated by the system, and as used in knowledge
mining. Third, Chapter 4 gives a qualitative report of the system by end users.
Finally, Chapter 5 draws some conclusions.
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2. Quantitative proof-of-principle evaluation

2.1 Introduction

This section includes a quantitative evaluation from a proof-of-principle experiment
aiming to evaluate if the priors produced by the GWA service improves ranking in
genome-wide association studies.

2.2 Methods and rationale

In order to evaluate if the Bayesian false discovery probability (BFDP) method incor-
porating priors from the medical literature improves the ranking of SNPs in GWAS,
we have conducted an experiment using results published on frequently studied end-
points, including prostate cancer, breast cancer, and type 2 diabetes (T2D). We have
identified multiple SNPs that have been robustly associated with each endpoint, and
assigned priors for each SNP using five methods:

1. subjectively assigned keywords;

2. random indexing;

3. TFIDF;

4. UMLS expansion;

5. TFIDF with UMLS expansion.

The prior distribution for the SNPs were subsequently compared to others included
on commonly used genome-wide chips. The rational for this approach is that if we
can show that the priors for ’truly’ associated SNPs of each respective endpoint are
systematically higher than random SNP, it would directly imply that truly associated
SNPs would be ranked higher in GWAS. This would provide a proof of principle
experiment showing that the BFDP method works.

2.3 Results

We identified truly associated SNPs for prostate cancer (n = 39), breast cancer (n =
19), and Type 2 diabetes (n = 35) for in total 93 SNPs. Various methods of keyword
selection were used to assign priors for all SNPs included on the commonly used
Illumina 610 Quad genome-wide array. The distribution of the priors for all SNPs was
compared to the distribution of the known truly associated SNPs to give a Chi-square
statistic, and a p value. If a p value is significant for the method, this implies that the
method leads to significantly higher ranking of truly associated SNPs. The following
sections give detailed results for each method. A summary discussion and a summary
of all p values are then given in Section 2.4 and Table 2.6.
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2.3.1 Subjectively assigned keywords

In the subjectively assigned keywords experiment, the system used keywords assigned
by domain experts.

The distributions of assigned priors are shown in Table 2.1. The priors were con-
sistently higher for the truly associated SNPs than for random SNPs. The proportion
of true SNPs in the bottom prior category for breast cancer was 37%, compared to
51% for random SNPs (p = 0.004), and similar differences were observed for Prostate
cancer (p = 4 × 10−5) and T2D (p = 2 × 10−6).

Breast cancer Prostate cancer Type 2 Diabetes
Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

0.00004 51% 37% 0.00004 51% 31% 0.00002 78% 51%
0.00008 8% 0% 0.00007 7% 0% 0.00010 12% 9%
0.00009 21% 26% 0.00008 31% 54% 0.00023 6% 26%
0.00037 4% 16% 0.00066 1% 0% 0.00104 0% 0%
0.00113 17% 21% 0.00180 10% 15% 0.00288 4% 14%

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

0.004 0.0002 0.0003 4 × 10−05 0.0002 0.0003 2 × 10−06 0.0002 0.0005

Table 2.1: Distributions of priors based on subjectively assigned keywords
(a) The exact prior of each category was assigned based on (i) the observed distribution
of random SNPs across the categories, and an (ii) assumed distribution and (iii) total
number of truly associated SNPs. (b) The distribution was based on 598,805 SNPs
included on the Illumina 610 quad genome-wide array. (c) True SNPs included SNPs
previously robustly associated with breast cancer (n = 19), prostate cancer (n = 39),
and Type 2 diabetes (n = 35). (d) The p-value is based on Chi-square statistics
comparing the expected and observed distributions of ’truly’ associated SNPs

2.3.2 Priors assigned through random indexing

In these experiments, the LarKC random indexing plugin was used to select keywords,
when seeded with the name of the disease only.

The distributions of assigned priors are shown in Table 2.2. The differences in prior
distributions between random and true SNPs were similar to those generated through
subjective keywords, but a larger proportion of random SNPs were assigned to the
highest prior group than in the experiment using subjective priors. The strongest
difference in prior assignments between random and true SNPs were observed for
T2D (p = 4 × 10−8), with 34% of true SNPs being assigned to the top prior category
compared to 5% of random SNPs. Priors generated for breast and prostate cancer also
showed notable differences in prior distributions (p = 0.04 and 0.001, respectively),
although to a lesser extent than for T2D.

2.3.3 Priors assigned through TFIDF

In these experiments, the standard information retrieval metric of Term Frequency
Inverse Document Frequency was used to rank terms commonly found in the same
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Breast cancer Prostate cancer Type 2 Diabetes
Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

0.00004 49% 32% 0.00004 36% 15% 0.00002 77% 49%
0.00008 3% 0% 0.00006 17% 0% 0.00011 12% 11%
0.00009 14% 21% 0.00009 32% 23% 0.00022 6% 6%
0.00025 14% 16% 0.00051 0% 0% 0.00091 0% 0%
0.00107 20% 32% 0.00128 16% 38% 0.00240 5% 34%

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

0.04 0.0003 0.0004 0.001 0.0003 0.001 4 × 10−08 0.0002 0.001

Table 2.2: Distributions of priors based on keywords generated through ran-
dom indexing (a) The exact prior of each category was assigned based on (i) the
observed distribution of random SNPs across the categories, and an (ii) assumed dis-
tribution and (iii) total number of truly associated SNPs. (b) The distribution was
based on 598,805 SNPs included on the Illumina 610 quad genome-wide array. (c)
True SNPs included SNPs previously robustly associated with breast cancer (n = 19),
prostate cancer (n = 39), and Type 2 diabetes (n = 35). (d) The p-value is based
on Chi-square statistics comparing the expected and observed distributions of ’truly’
associated SNPs

documents as the disease name. The highest ranking terms were used to generate
priors. The technique is explained further in LarKC deliverable D7b.3.2b, Version 2
prototype [2].

Table 2.3 shows that priors assigned through TFIDF are significantly higher for
true SNPs compared to random SNPs. For breast cancer and T2D, TFIDF places 2
and 3 times more true SNPs in a higher prior group, respectively. For prostate cancer,
the technique places 5% of SNPs in the highest group, compared to 0% random SNPs.

2.3.4 Priors assigned through UMLS term expansion

In these experiments, the disease name was expanded to a set of terms related to the
disease name in the UMLS Metathesaurus, as explained in LarKC deliverable D7b.3.2b,
Version 2 prototype [2].

Table 2.4 shows that with breast cancer, UMLS expansion fails to make a significant
difference in the priors of true SNPs. There is, however, a significant difference for
both prostate cancer (p = 3 × 10−7) and T2D (p = 0.0004). For prostate cancer, the
technique again places 5% of SNPs in the highest group, compared to 0% random
SNPs.

2.3.5 Priors assigned through TFIDF and UMLS term expansion

In these experiments, terms chosen by TFIDF were expanded using UMLS.
Table 2.5 shows that combining TFIDF and UMLS term expansion, again fails to

make a significant difference for breast cancer, but does for both prostate cancer and
T2D. For T2D, 60% of true SNPs are placed in the highest prior group, compared to
an expected proportion of 25%.
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Breast cancer Prostate cancer Type 2 Diabetes
Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

0.00002 86% 63% 0.00002 92% 79% 0.00002 64% 34%
0.00014 13% 37% 0.00024 8% 15% 0.00024 36% 66%
0.00837 0% 0% 0.04302 0% 0% 0.01891 0% 0%
0.05980 0% 0% 0.36739 0% 0% 0.36757 0% 0%
0.13720 0% 0% 0.59215 0% 5% 0.59234 0% 0%

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

0.01 0.00013 6 × 10−5 3 × 10−7 9 × 10−5 0.03 0.0004 0.00014 0.00016

Table 2.3: Distributions of priors based on keywords generated through
TFIDF (a) The exact prior of each category was assigned based on (i) the observed
distribution of random SNPs across the categories, and an (ii) assumed distribution
and (iii) total number of truly associated SNPs. (b) The distribution was based on
598,805 SNPs included on the Illumina 610 quad genome-wide array. (c) True SNPs
included SNPs previously robustly associated with breast cancer (n = 19), prostate
cancer (n = 39), and Type 2 diabetes (n = 35). (d) The p-value is based on Chi-square
statistics comparing the expected and observed distributions of ’truly’ associated SNPs

2.4 Summary

We conducted an experiment aiming to evaluate if priors assigned to SNPs previously
robustly associated with breast cancer, prostate cancer and type-2 diabetes, are higher
than those assigned to random SNPs. We used several methods of generating keywords
with which to calculate priors. For each method, the distribution of priors was found
for random SNPs, and for known true positive SNPs. Comparing the two distributions
with the Chi-square technique allows us to calculate a significance for each method.
If a method is significant, then this means that ranking SNPs using priors calculated
by this method, leads to significantly higher ranking of SNPs that are known to be
associated with the disease. The results are summarised in Table 2.6.

For keywords generated by subjective assignment, random indexing and TFIDF,
true SNPs were consistently assigned higher priors than random SNPs, directly imply-
ing that they would gain a higher ranking in GWAS if these priors were incorporated
through BFDP methods. We conclude that this methodology would be useful in
GWAS, and may provide important cost savings by weighting SNPs that are more
likely to be relevant to the disease higher than less relevant SNPs.

For keywords generated by UMLS expansion, true SNPs were only assigned higher
priors than random SNPs for two of the three diseases considered. The reasons for
this are unclear. Before rejecting term expansion, however, it is suggested that further
experiments are required to both investigate and refine this technique.
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Breast cancer Prostate cancer Type 2 Diabetes
Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

0.00002 99% 100% 0.00002 92% 79% 0.00002 64% 34%
0.00177 1% 0% 0.00024 8% 15% 0.00024 36% 66%
0.01032 0% 0% 0.01891 0% 0% 0.01891 0% 0%
0.22386 0% 0% 0.36757 0% 0% 0.36757 0% 0%
0.51782 0% 0% 0.59234 0% 5% 0.59234 0% 0%

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

0.55 1 × 10−4 2 × 10−5 3 × 10−7 9 × 10−5 0.030 0.0004 0.00014 0.00016

Table 2.4: Distributions of priors based on keywords generated through
UMLS expansion (a) The exact prior of each category was assigned based on (i)
the observed distribution of random SNPs across the categories, and an (ii) assumed
distribution and (iii) total number of truly associated SNPs. (b) The distribution was
based on 598,805 SNPs included on the Illumina 610 quad genome-wide array. (c)
True SNPs included SNPs previously robustly associated with breast cancer (n = 19),
prostate cancer (n = 39), and Type 2 diabetes (n = 35). (d) The p-value is based
on Chi-square statistics comparing the expected and observed distributions of ’truly’
associated SNPs

Breast cancer Prostate cancer Type 2 Diabetes
Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

Prior
H1

a
Expected
SNP
distrib-
utionb

Distrib-
ution
for true
SNPsc

0.00005 35% 26% 0.00004 34% 15% 0.00005 35% 14%
0.00007 0% 0% 0.00006 0% 0% 0.00007 0% 0%
0.00007 34% 37% 0.00007 53% 67% 0.00007 34% 26%
0.00031 5% 5% 0.00068 0% 0% 0.00031 5% 0%
0.00093 25% 32% 0.00170 13% 18% 0.00093 25% 60%

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

p valued Average
prior for
random
SNPs

Average
prior
for true
SNPs

0.37 0.00029 0.00035 0.008 0.0002631 0.00035 3 × 10−6 0.00029 0.00059

Table 2.5: Distributions of priors based on keywords generated through
TFIDF and UMLS expansion (a) The exact prior of each category was assigned
based on (i) the observed distribution of random SNPs across the categories, and an
(ii) assumed distribution and (iii) total number of truly associated SNPs. (b) The dis-
tribution was based on 598,805 SNPs included on the Illumina 610 quad genome-wide
array. (c) True SNPs included SNPs previously robustly associated with breast cancer
(n = 19), prostate cancer (n = 39), and Type 2 diabetes (n = 35). (d) The p-value is
based on Chi-square statistics comparing the expected and observed distributions of
’truly’ associated SNPs
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p values
Method Breast cancer Prostate cancer Type 2 Diabetes

Subjective choice 0.004 4 × 10−05 2 × 10−06

Random indexing 0.04 0.001 4 × 10−08

TFIDF 0.01 3 × 10−7 0.0004
UMLS expansion 0.55 3 × 10−7 0.0004
TFIDF with UMLS
expansion

0.37 0.008 3 × 10−6

Table 2.6: Summary of keyword selection methods. For each method, the distri-
bution of priors was found for random SNPs, and for known true positive SNPs. These
expected and observed distributions were compared using the Chi-square statistic, to
give p values for every technique.
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3. Qualitative Keyword evaluation

The previous section described the quantitative evaluation of prior assignment to SNPs
by the LarKC GWAS service, for several techniques. The technique involved the
generation of keywords associated with the disease being considered, and the use on
those keywords to generate priors.

The quantitative evaluations gave an objective metric of keyword relevance (a p
value). It is also interesting to see how relevant the keywords look to a domain expert:
are subjectively relevant? This section presents a small set of results examining this.
We do not pretend that these are more than very limited results. They do, however,
give an indication of subjective relevance, and point to a further possible avenue of
evaluation.

Keywords were generated by TFIDF over MEDLINE abstracts for three diseases
(breast and prostate cancer and Type 2 diabetes). Keywords were generated by looking
for terms commonly found in the same documents as the disease name. Two sets of
documents were used:

• Full MEDLINE the whole of MEDLINE

• MEDLINE subset that subset of MEDLINE linked to genes by entries in
Entrez Gene.

Keywords were presented to a domain expert, and the expert asked to select all
keywords considered relevant to the disease in question. The results of this are showin
in Table 3.1.

Breast cancer Prostate cancer Type 2 Diabetes
MEDLINE
subset

Full MED-
LINE

MEDLINE
subset

Full MED-
LINE

MEDLINE
subset

Full MED-
LINE

Total terms 32 30 29 30 30 30
Relevant 13 6 16 14 16 11
Irrelevant 19 24 13 16 14 19

% Relevant 41 20 55 47 53 37
% Irrelevant 59 80 45 53 47 63

Table 3.1: Subjective relevance of keywords chosen by TFIDF

In four of six sets of keywords, most TFIDF terms were considered irrelevant. The
exceptions were the MEDLINE subset for both prostate cancer and T2D. Clearly,
TFIDF finds relevant terms as defined by a domain expert. These terms are, however,
accompanied by a large proportion of noisy irrelevant keywords. It is interesting to
note that the MEDLINE subset was the same as that used for the TFIDF experiments
reported in Chapter 2, where TFIDF keywords gave significantly higher prior groups
for true SNPs than random SNPs. Clearly, the noise of irrelevant keywords does not
hinder the ability of the technique to assign high priors to true SNPs.
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4. User evaluation

4.1 Introduction

As a final evaluation, we give a user-centric qualitative report of using the interface in
practice.

4.2 Web service

LarKC has developed a web service for incorporating prior information from the liter-
ature into genome-wide association studies. The service offers an easy to use interface
for users with limited experience in database handling and reasoning to initiate queries.

4.3 Advantages

The current implementation of the web service includes two separate parts, one for
large scale queries of up to 15,000,000 SNPs (GWA service), and one for single SNP
queries (SNP service). Extensive efforts have been made to provide an easy to use
and accessible interface for less technical users. The first step of both services is the
assignment of keywords for the endpoint of interest. This can be done both manually,
as well as aided by various term expansion techniques:

• Random Indexing (RI)

• Term Frequency Inverse Document Frequency (TFIDF)

• Term expansion using UMLS

The GWA service is highly flexible as it does not require the users to provide
their own data, but rather gives the results for all SNPs in the genome. The user
can subsequently download the complete results and extract the prior for the relevant
SNPs. This is an important advantage as many users would be expected to be reluctant
to upload their own data. It is also possible to predefine the SNPs of interest, either
through copy-pasting into a box, or by uploading a text file with SNP IDs. Typically
a user would request priors for a set of SNPs included on their GWA chip. Once the
SNPs and keywords of interest have been assigned the user will provide their email
address and submit the query. Once the search is finished the user receives an email
with a URL link for downloading the result, hence not requiring the user to create an
account which increases the user-friendliness of the service. The downloaded priors
can subsequently be used offline to calculate BFDP for re-ranking of SNPs. Overall,
the GWA service is a remarkably streamlined interface that allows the non-technical
users to perform complex queries over large data sets.

The single SNP service allows the user to assign single SNP literature queries.
Based on key words that are assigned in the same fashion as in the GWA service, the
result include all relevant abstracts with keywords highlighted in the text, as well as
the relevant genes and prior assignment. Each abstract is accompanied by links to the
related paper in Pubmed. Overall, the SNP service is an exceptionally convenient tool
for literature searches and follow-up of initial results from genetic association studies.
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4.4 Limitations and areas of improvement

While the user interfaces of both the GWA and SNP services are very streamlined
without distracting frills, it would seem appropriate to include short texts next to the
various search boxes with explanations of how things work. This could also be aided
by longer documentations, perhaps with a small pop-up box. The final version of the
GWA service should also provide scripts that allows the user to assign BFDP estimates
in their own statistical package, e.g. for R and SAS.
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5. Conclusion

We have presented an evaluation of the LarKC GWAS service. The service finds prior
knowledge about gene-disease associations in the scientific literature and biomedical
knowledge resources. A prior probability is associated to SNPs according to the oc-
curence of keywords and concepts in this prior knowledge. These prior probabilities
can then be combined with GWAS experimental data in a Bayesian model in order to
predict gene-disease associations.

The service is data intensive, with very little user interface. It has therefore been
felt that a quantitative evaluation of the service is most relevant. We have presented
such an evaluation, comparing the priors assigned to SNPs with known disease asso-
ciations to random SNPs. It would be expected that a succesful GWAS service would
give consistently higher priors to such true SNPs when compared to random SNPs.
We examined three diseases, and several ways of generating keywords. Subjective
keyword assignment, random indexing and TFIDF all gave good results, with signifi-
cantly higher priors for true SNPs. UMLS expansion of keywords did not always give
significantly higher priors for true SNPs, and needs further evaluation.

We have also included a subjective evaluation of the user interface by end users.
While the interface is by its nature limited, end users consider it sufficient and fit for
purpose.
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