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ABSTRACT

Motivation: Hunting disease genes is a problem of primary import-
ance in biomedical research. Biologists usually approach this problem
in two steps: first a set of candidate genes is identified using tra-
ditional positional cloning or high-throughput genomics techniques;
second, these genes are further investigated and validated in the
wet lab, one by one. To speed up discovery and limit the number
of costly wet lab experiments, biologist must test the candidate genes
starting with the most probable candidates. So far, biologists have
relied on literature studies, extensive queries to multiple databases,
and hunches about expected properties of the disease gene to deter-
mine such an ordering. Recently, we have introduced the data mining
tool ENDEAVOUR [1], which performs this task automatically by rely-
ing on different genomewide data sources, such as Gene Ontology,
literature, microarray, sequence, and more.

Results: In this paper, we present a novel kernel method that ope-
rates in the same setting: based on a number of different views
on a set of training objects, a prioritization of test objects is obtai-
ned. We furthermore provide a thorough learning theoretical analysis
of the method’s guaranteed performance. Finally, we apply the
method to the disease data sets on which ENDEAVOUR [1] has been
benchmarked, and report a considerable improvement in empirical
performance.

Availability: The MATLAB code used in the empirical results will be
made publicly available.

Contact: tijl.debie@gmail.com, yves.moreau@esat.kuleuven.be

1 INTRODUCTION

time consuming and expensive, biologists must prioritize the genes
from most to least promising when carrying out the validation
process—this is callegene prioritization

A main strategy to prioritize candidate genes is to compare the
candidate genes (called here thst genesto genes already known
to cause the same disease or closely related disease processes (called
here thetraining geney Hence, the problem faced by the biologist
to determine the implicated gene among the test genes can potenti-
ally be simplified, by concentrating on those test genes that are in
some sense similar to the training genes.

With the advent of high-throughput technologies, many sources
of information, orviewson genes may be useful and relevant in
defining what is ‘similar’. Therefore, this task has become extre-
mely challenging for biologists. For this reason, we have recently
developed the tool ENDEAVOUR [1]. It makes use of statistics to
compute a ranking of test genes according to their similarity to the
training genes, and this once on each of a number of data sources. In
a subsequent step, these rankings are integrated into a single ranking
by making use of order statistics.

1.1 Formal problem setting

In the current paper, we formulate the problem in machine learning
terms, and we develop a kernel-based method to solve it (see [11] for
an introduction to kernel methods). As for the formalization, several
avenues that can be followed. First, one may cast it intatassi-
ficationframework, regarding the training genes as belonging to the
positive class, and the rest of the genome to the negative. However,
the assumption that the rest of the genome contains only negatives
is false, even though in gene hunting the proportion of positives is

Identifying genes whose disruption causes congenital or acquiredsually small. This means that label noise is unavoidable, which is
disease in humans is a major goal of genetics and molecular biologgetrimental from a robustness point of view. Moreover, the set of
both towards diagnosis and understanding the biology of diseasgositives is usually extremely small (a few to a couple tens) and is
processes. These genes are caliedase genesan example being  drawn with major biases from the underlying positive class, which
the BRCA1 gene whose mutation is responsible for cases of familiatcompromises uniform generalization performance over the whole

breast cancer. Several biological strategies are available to identifgpace. On the other hand, the large size of the negative training set
disease genes. Positional cloning strategies aim at identifying theould pose computational challenges to data fusion approaches.
position of the gene on its chromosome (linkage analysis, linkage The second possible approach formalizes the problenoeasity
disequilibrium, association studies, study of chromosomal aberratidetection where one tries to model (the support of the distribution
ons). Most of the time these studies can only restrict the location o0bf) the training genes only. Several approaches to novelty detection
the disease gene to a region containing tens to hundredsdfdate  have been described in literature [13, 10], and relations between
genes High-throughput genomic studies (microarray analysis, pro-them have been established. One approach tightly fits a hypersphere
teomics, and so on) often consider biological samples from patientaround a vector representation of the data, and considers the inner
or animal models and try to identify which key genes or proteins arevolume of the hypersphere as the support of the distribution. Ano-
disrupted in the disease process. Again, these strategies often deliviier approach finds a hyperplane separating the positive data from
long laundry lists of hundreds of candidate genes. the origin.

In both cases, the candidate genes need to be further investi- The approach proposed in this paper is reminiscent mostly of the
gated to identify the disease causing genes. Because this work latter: find a hyperplane that separates the vector representations of
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the disease genes from the origin with the largest possible margir; of theith training gene. As above, we define a functjoaf gene

and consider a gene more likely to be a disease gene if it lies farther as f(z) 2 x'w. Then, we search for the weight vecterwith

in the direction of this hyperplane. However, we have an additional|w||> < 1 such that for all genes; in the training set the function
problem to be dealt with: while all methods described so far makef (z;) is larger than a margin/, with M as large as possible (i.e., it
use of just one view on the data, our method should be capable afearches for a hyperplane parameterizesivhguch that all training
taking into account several different views on the genes. data lie on one side of the hyperplane and the perpendicular distance
M between the origin and the hyperplane is maximized). Formally,

1.2 Data fusion by learning the kemnel this leads to the optimization problem,

The main source of inspiration for our algorithmic and theoretical
contributions is in our previous work [5], and in [7, 6, 3]. They maxp(M)=M st ww<1, f(z;)=xiw > M (Vi).
describe a methodology for learning the kernel matrix relying on a Mow
quadratically constrained linear program (QCLP) for classificationThe dual of this (convex) optimization problem can be given by
in a transduction setting. Both approaches rely on strong statistical
foundations and performance guarantees are provided. A number of mind(a) = Va/'XX'a st a; >0 (Vi), 'a=1.(1)
recent publications have carried this work further, generalizing this
approach towards other problems besides classification [9], workinghanks to strong duality, the primal and dual optima (achieved
on algorithmic improvements to reduce time and memory requirefor M* and a*) are equal to each othep(M*) = d(a*).
ments [2], or contributing to both these aspects [12]. Still, thus farFurthermore, duality relations show that the optimal value of the
data fusion approaches to novelty detection have remained undeweight vector can be expressed in terms of the dual variables as
studied. To our knowledge, a statistical study of the problem is stillw* = X'a*/va*'XX'a*. Note that the square root is a mono-
lacking. Furthermore, empirical studies have remained limited to theonic function and can hence be ignored in the objective of the dual
method in [9], which is based on the elegant framework of kernel-optimization problem (1).
learning with hyperkernels, but which is computationally extremely It is a crucial recurring fact in kernel methods that the dual for-
challenging as it relies on a semi-definite program with a number omulation can be written solely in terms of inner products between
variables that is quadratic in the training set size. feature vectors:;. Indeed, the matriX X’ contains the inner pro-

ductx;x; on itsith row andjth column, and we deno¥ X’ = K,
1.3 Results J .

the so-called kernel matrix. As a consequence, the actual represen-
We present an approach for gene prioritization based on a novehtionx of data object: does not need to be known, as long as the
kernel-based algorithm capable of integrating various sources gfner product between any pair of objects in this representation is
information in a natural way. Our approach leads to fast algorithmsspecified by a kernel functiob(z;, z;).
relying on a QCLP, and we show how it is explicitly guided by a  Equally importantly, instead of the representatiéw of the prio-

rigorous statistical study. We demonstrate it on a large number ofitization function f(z), we can use the following equivalent dual
disease gene hunting problems, outperforming ENDEAVOUR [1],formulation, relying on kernel evaluations only:

which is the first tool to combine many data sources for gene prio-
ritization and to have provided new candidate genes that have been 1 X
successfully biologically validated. fz) = . aik(w, ;) @)

2 DATA FUSION, KERNEL COMBINATIONS, AND

NOVELTY DETECTION ) ) )
' . . In the method discussed above only a single kernel fundtiand
We first discuss a variant of a well-known kernel method for novelty . L .
corresponding kernel matriK on the training set are given. Howe-

detection, which makes use of a single view on the data only [10]. " g . ;
; X ver, in our applicationn different kernel functions:; and kernel
Let us assume a genehas an associated vector representakion

; ; . . matri ; are availabl h of which i n rtain repre-
Then, this method finds a hyperplane parameterized by a unit norm atricesk, are available, each o chis based on a certain repre

weight vectorw, defined by the equality(z) 2 x'w — M, which sgntatlon or view on the genes. Thg availability of thege different
- S views leaves us the freedom to design the kernel matrix such that
separates all training genes from the origin.

. T the penalized margin is maximized. The challenge is to exploit this
Then, for atestgenez, the functionf measures its distance in a statisticallv and algorithmically sound wa
from the origin in the direction of the hyperplane, and can be y g y Y-

used to prioritize the genes: the largéz), the higher gene: in 2.2.1 Averaging the kernelsA first and trivial approach is to
the prioritization. See the right part of Figure 1 for a schematiccombine the kernel matricés; by simply computing a weighted

2.2 Data fusion

clarification. average,
Subsequently, we discuss how different views on the genes can >
be integrated naturally and efficiently by convexly combining the K= =7
kernels of each of these data sources. The statistical study which j Bi
theoretically supports the use of the functjpas a way to prioritize
is left to Section 3. with 8; > 0 positive constants. The choice of the constahtsnay

. be arbitrary and at the user’s discretion. However, here we sug-
2.1 Novelty detection gest a simple agnostic choice. The concern to address using these
Let us represent the vector representation of the set of training genegeights is that different kernels may have different scales, such that
by a matrixX, with theith row of X containing the feature vector their importance in the linear combination may be overly small or
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may perform better. Let us discuss these methods now in greater
detail.

2.2.2 Optimal convex kernel combinatiois a first method to
achieve automatic tuning of the kernel weights, and in the same
spirit as [7, 5], we propose to convexly combine the kernel matri-
cesK; so as to maximize the margit/ between the data points
and the origin. More specifically, witls; positive constants, we
fhaose the ‘summarizing kernéK as the one from the séf =

s ki(ki/B5) : p'1=m,pu >0 that maximizes the optimum
of optimization problem (1):

pK K, = K mlia.xmoitn aKa st a; >0 Vi), 'a=1,

C D
K = Kj. 1 _
€ MjF-Hl—m,HZO
J

J

which can be shown to be equivalent to

o IS . N
mint st o >0(Vi), la=1, 3)
o o t,Q
(¢]
/K'
° ° t> o' Lo (V)).
o ﬂj

his is a QCLP problem that is efficiently solvable using general

Fig. 1. Schematic representation of the hyperplane separating the (positive
9 P YPerp P g the (p S;Eurpose software.

training genes (filled circles) from the origin, along with the negative gene
(open circles). Combining two kernels in an optimal way leads to a newy 5 3 A regularized intermediate solutiorin some cases, the
space (right figure) where the distance of the positive genes to the origin ifeedom allowed to the optimization problem in this way may be
larger. so large that overfitting occurs, resulting in a bad generalization per-
formance. Therefore, we propose an approach intermediate to the
simple averaging of the kernels and their optimal combination using
large. In order to correct for this, we choo8gto be proportional  convex optimization as explained above. This can be achieved by
to the trace ofK;. Essentially, this value fa; is chosen in order  specifying a lopyer boun@ < pmin < 1 onp; in the spgcification
to mgke the_ kern_els compargble to_each oth_er_. Statls_tlcal arguments i e i — (ki /B;) s 'L =m > Ly - Increa-
for this choice will be given in Section 3. This is the first approach . ' . . -
. : . N9 Hmin reduces the size df, which amounts to regularizing the
we propose and compare in the experimental Section. There we wi . -
see that it outperforms ENDEAVOUR significantly and by a lar eproblem, and hence reduces the risk of overfitting. figfn = 1,
P 9 y y 9 the simple method that computes a weighted average of the kernels

margin. is obtained
Note that, if appropriate, one could hand-tune the weights of the '

kernels in the kernel combination based on expert knowledge. 1.e2.2.4 A unifying method Interestingly, the last method contains
instead of usindl as defined above, one can additionally weigh thethe first and the second as a special case. Indeed, by taking=

kernels with a hand-tuned weight > 0: 1, the first method is obtained. By takingnn, = 0, the second
> method is obtained. Therefore, in the remainder of the paper, we
K = 1 % can refer to the different methods by choosing the valuefqs.
. j

J 2.2.5 The functiorf For all these data fusion approaches, the

A kernel for a data source deemed relevant for a certain diseas@valuation of the functiorf(z) = x’'w can now be expressed in
could then be given a larggr;, and hence a larger vote in the terms of thef; anda;, as

linear combination. Since this requires expert knowledge on indi- |

vidual diseases, we choose not to follow this avenue in the present - 1 X X ki, a)
f@)=—F—= o W=7 4)

paper. a'Ka Bj

) i=1 j=1
Nevertheless, as we will see below, there are other ways to tune

the weights.; automatically in a data-dependent but agnostic way|n the next Section we will provide a rigorous theoretical evidence
(i.e., without taking disease characteristics into account). The goahotivating these approaches, which will furthermore point us to
of these approaches is to reduce the influence of noisy (or irrelevangood possible choices for values@f.

information sources, and of double counting of information that is

present in more than one of the information sources. Hence, as we

will see in the experimental Section, in cases where noise influences

are large or where redundant information is provided, such methods
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3 STATISTICAL GUARANTEES AND
MOTIVATIONS

While earlier approaches to novelty detection based on differen

of the smaller function class is smaller. We omit the Theorem here
for readability.
¢ In some sense, Theorem 1 bounds the false negative probability

kernel-views exist (€.g. [9, 12]), very few experimental results havePy @ value that depends on the valuefpfrelative toA(K;) and

been reported (only in [9], and only in an informal qualitative way

). to trace (K;), which should therefore be kept under control. We

Furthermore, to our knowledge, none of these were based on st¥/ll Now show how an approach to controlling the false positives

tistical foundations. Still, it is clear that in our above formulation,
certain parameters need to be chosen, in particular the values 4t

motivates a choice for thg; that ensures this requirement is fulfilled
practical situations.

B;. Additionally, we will see that other choices need to be made,3.2 Controlling the number of false positives

regarding normalizations and centering of the data. In order to mak
these choices in a principled way, a statistical study is indispensabl
Here we present such a study, which, as in [7], relies on the use g

Rademacher complexities.

In our discussion, we focus on the unregularized version, wher
tmin = 0. All results can quite easily be adapted to the regulari-
zed case, and we will point out consequences of this regularizatio

where relevant.

3.1 Controlling the number of false negatives
We will assume that the training genes are samjiédrom the

distribution of the positive class (the class of disease genes). Admi
tedly, this is not exactly true, but it is probably a good approximation
given the large number of genes in the genome. We derive a bou

for the probability thatf (z) < M — ~ for aniid test gene: from

the positive class. This is the probability to make an error of a cer

tain magnitude in evaluating whether the test paiig a novelty or

not, i.e., the probability that a test point from the positive distribu-
tion lies a distance at the negative side of the hyperplane. We will

see that this probability quickly decreases for increasinwhich
means that the probability that for a true disease getthe function

f(x) can be expected to be large. Let us now state the Theorem; for

brevity, we provide its proof in Appendix.

THEOREM 1. Given a setX of n objects (genes); sampled
iid from an unknown distributio®. Let A\(K;) denote the largest
eigenvalue oK. Then, for anyM, v € R4 and for anyd € (0, 1),
with probability of at least — ¢ the following holds for the function
f in Equation (4) as found by optimization problem (3):

|
Pp(f(z) <M —~) < iC(K B;) + € 2ln2
= = ny VRN \/’71 (5

whereC(K;, 8;) is a complexity term equal to

v
)< ,
C(K;,B)) = 4%min 7 max A(KJ)7 trace (K;)
B Bi

Jj=1

While the Theorem holds for any specific valueldf, it does not

e

t-

n

Biven the full genome, and the probability of false negatives being

Eounded, we could control the number of false positives by boun-

ing the total number of positives. Recall that the algorithm tries
to separate the data as far from the origin as possible. With this in
mind, we suggest the following strategy. First, use centered kernel
matrices (or kernel functions), i.e. in gene hunting the kernels are
Hefined by centering the kernels on the full genome. And second,
equate the value g3; to the trace of thgth centeredyenome-wide
kernel matrix divided by the total number of genes in the genome.
Such a choice foB; can be expected to yield tight capacity terms in
Theorem 1 in practice, assuming that positive and negative genes are
nottoo different in norm and in distribution (a reasonable assump-
t(i]on, as it appears so in practice and it is the facts motivating this
work).

This strategy ensures that the trace of the kernel matrix obtained
by linearly combining all genome-wide kernel matrices weighted
by 3, has a trace equal to the number of genes in the genome, such
that the normk(z, z) of a gene is equal té on average. Hence,
for a function f(z) as found by any of our 3 data fusion methods,
the centering and choice @¥; imply that E.(f(x)) = 0 and
B (f(2)?) = (w'x)? < |lw|?||z]|* = [[w]*k(z,z) < 1.In this

way, for a large margin between the training points and the origin,

one can expect that relatively few data points lie at the positive side
of the hyperplane, as quantified by e.g. the one-tailed Chebyshev's
inequality:

1

P 1)~ Bof@) 2 KB G@D) <

where the expectations are over the total gene distribution. Applied

to our problem:

1
14 k2"

P(f(z) 2 k) <

In practice, the number of genes in the genome is so large that
iid assumptions concerning test and training genes become realistic.
In such cases it is possible (and more convenient) to carry out the
kernel-centering and determination 8f on a smaller number of
genes, such as on the combination of test and training-genes. This is
the approach we take in the experiments below.

hold uniformly overM. However, as outlined in [7] and references
therein, the theorem can easily be adapted to yield uniform bounds
over M. Note that the complexity term involves the square root of
the minimum of two quantities, the first of which grows quadrati-
cally with n, while the second grows only proportionally withas

the traini t H totically. the b dd 1 In this context we would like to note that, while the theory and the algo-
€ training set grows. Hence, asymptotically, the bound decréasgg, ., for transduction in [7, 5] is never explicitly expressed in terms of such

asl//n. 3, that weigh the kernel matrices, also there a similar choice has been made.
A similar Theorem holds for the regularized version, where ajn that paper, what would be the equivalent of gyiis chosen to be equal (or

lower bound is imposed on the valuesof. Interestingly, in that  proportional) to the trace of the kernel matrix on the training and test points

case the bound is generally tighter, as the Rademacher complexitygether. This choice is also implicitly motivated by the statistical study.
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4 GENE PRIORITIZATION RESULTS data, we also used three different kernels: the 2-mer, 3-mer, and 4-
We will now apply our algorithms on a series of actual biological Mer kernels as defined in [8]. Hence, in total 27 kernels are used, 3

data on disease gene hunting, taken from a large-scale crosfQr €ach of the 9 data sources.

validation study from [1]. In this paper, 29 diseases are investigated . .
y [1] hap g 6\"][3 Noise data sourcesAs explained below, we have also

and to each disease a number of genes between 4 and 113 are knowrn ! . .
to be associated, with 624 as the total number of disease genesint grrled out a robust_ness analysis by constructing ra”d"”.‘ noise
study. To assess the performance of a gene-hunting method the f ata sources o be |n(?luded. as additional d.ata.l' These noise data
lowing strategy is used. Note that for comparability, we choose tosources_conswt of 10-dimensional nor_mally distributed random vec-
use an essentially identical assessment strategy as the one useJCfEs (variance equ alto1). qu each noise data source, we constructed
[1]. For each diseasalo the following: 3 kernels to use in the algorlthm, a linear one and two RBF ke.rnels.,
exactly as for the other vectorial data sources. Constructed in this
1. Choose a set of 99 genes, randomly selected from the genomeiay, a noise data sources should quite accurately mimic real-life
2. Perform leave-one-out cross-validation: Regard one of the traid@t@ with no relevance to the problem. Note that a comparison with
ning genes as a test gene. This test gene is further referred to ENDEAVOUR in terms of noise robustness is hard to design, since
the hold-out gene. Then apply the disease gene hunting methJ&“_e noise models cannot as ea_'slly be generated as we can generate
to the reduced training set which is obtained by omitting theno!se kernels. Therefore, we will exclude ENDEAVOUR from the
hold-out gene. Ideally, the hold-out gene will be unveiled as an0ise robustness analyses below.
disease gene, which means that it will be on top of the list. To
verify this, record the rank of the hold out gene in the test set4.2 Disease genes hunting: results

Since there are 99 test genes and 1 hold-out gene hidden amonge have carried out a number of experiments to assess the follo-
them, this rank will be in between 1 and 100. wing:

Now, based on all these ranks in the cross-validation (over all disea- .

ses and all disease genes for these diseases), construct a ROC-liké: the performance gain when compared to ENDEAVOUR of the
curve in the following way. Plot the fraction of genes that, when ~ Simple method with uniformly weighted kermnelgin = 1),

held out, rank among the tog% of test genes, and this as a func- 2. the use of automatically tuned weights when noisy data sources
tion of z. If in each hold out experiment the hold out gene ranks are taken into account, or when a small number of data sources
first, the ROC-like curve will be 1 for alt, and the area under the is much more informative than the otheyg{, > 0),

ROC curve, further called AUC (Area Under Curve) is equal 10 1. 3. the use of automatically tuned weights with a lower bound in
For a rar_1dom training and test set combination, the AUC is 0.5in  the same scenari@uyin > fmin = 0.5).

expectation.

4.1 Data sources and kernels used In order to assess noise resilience, we examined the performance as
a function of the number of noisy data sources, ranging from 4, over

4.1.1 The data sourcesWe are using the following data sources, ; - .
o 8, to 16 noise sources, yielding 12, 24, and 48 kernels respectively.
based on Ensembl v39[4]: microarray data (MA), DNA sequence . .
Lastly, we performed each of these same experiments in three

((j%?ﬁ;’inEsS(-:—P(;aﬁégé?)’aﬁscaeyg?fggé)anmngtﬁgo(ﬁo(ﬁcf;)o)k;iInn(;[ﬁ]rgrgcenarios: (i) based on all data sources listed above, (ii) based on

data (BIND), and literature (Text), just as in [1]. Not to obfuscate theaII but Text, (if) based on all but Text and GO, and (v) based_on
. . . S . Il but Text, GO and KEGG. We have performed these exclusions
comparison, in our method we deal with missing values in the mos

. : . V\)n order to investigate to what extent the methods are capable of
naive way, e.g. by equating them to genome-wide averages. We

. . xtracting information from hat may | novel discoveri
should note that in the ENDEAVOUR paper [1] datafromaprewouse tracting information from data that may lead to no € discoveries,
. . as opposed to for example Text data that may contain known clues
version of Ensembl was used. Therefore, to ensure a fair compari-

son, we reran their experiments with ENDEAVOUR based on theOf disease |mpI|ca_t|ons. We will now discuss the results in de_tall._
In order to obtain stable results, we performed 10 randomization

;nuc;s;rrg;gg;(ljir:s:tr:g(lj;/i;?tlﬁ rt]hves?)eaﬁo\:lnign?:r;eé’\\llvgg All\l/g?‘lnl;pi:ﬁor each experiment reported below. In each of these randomizati-
exactly the same data ons, a different set of test genes has been chosen, ranc_zlomly s_elected

) from the genome. The same random test set was used in the different
4.1.2 The kernel matricesFor each data source except for Seq, methods being compared.

we use three different kernels: ) . . )
4.2.1 Comparison of the uniformly weigthed method with ENDEA-

1. the linear kernel followed by normalization, VOUR We compared the performance of ENDEAVOUR with our
2. a Radial Basis Function (RBF) kernels with kernel width equalmethod withumin = 1. The results are summarized in Table 1, and
to twice the average distance of a data point to its nearesglearly show that the proposed method outperforms ENDEAVOUR
neighbor in the union of the training and the test set, significantly, and by a large margin. This is the case for all (sub)sets
3. and an RBF kernel with kernel width equal to four times the ©f data sources investigated.

average distance of a data point to its nearest neighbor in the FUrthermore, we should note that the proposed method is com-
complete data putationally extremely fast: finding the optimaltakes a negligible

time for up to 100s of training genes, and computing the ranking
The kernel widths are chosen heuristically according to rules ofunction f on a test gene (the testing phase) is extremely fast as
thumb that often yields good results in practice. For the sequencwell.
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Table 1. Comparison of the simple, uniformly weighted, kernel method
with ENDEAVOUR. Different scenarios are considered, taking into account
all 9 data sources, all but Text, all but Text and GO, and all but TEXT,

a safe approach, though the method with, = 1 performs even
slightly better in most noiseless cases we investigated. Nevertheless,

GO, and KEGG. The first two lines show 1-AUC (lower is better) for both’ it is interesting to investigate the weights attributed to the individual
methods, averaged over 10 random selections of the test genes. The last likgMels by the method withmin = 0.5. Our findings are:

shows a p-value computed by means of a paired t-test, testing the null hypo-
thesis that the expected 1-AUC is not smaller for the kernel method than for
ENDEAVOUR. Clearly, the difference is highly significant for all but the last
set of data sources used. Furthermore, the AUC value differs considerably
for the first 3 scenarios considered.

1.

No Text, No Text,
1-AUC All No Text GO GO, KEGG
ENDEAVOUR | 0.0833 0.1290 0.1698 0.1698
Kernel method| 0.0686 0.1043  0.1491 0.1675
p-value| 7.4e-10 7.5e-11  3.3e-7 2.4e-1

4.2.2 Performance in the presence of one or few dominantly infor-
mative information source It can be assumed (and it is observed)
that in general, Text and GO contain the most accessible informa-
tion relevant to disease gene hunting. While this may not always be
the case, it is possible that in other cases another data source con-
tains is much more relevant than any of the others. Therefore, it is
of interest to assess to what extent the different methods are able to
disregard the less informative data sources.

To assess this, in Table 2 we summarized the 1-AUC scores for 3.
different subsets of data sources, and this for our proposed methods
and for ENDEAVOUR. We can conclude that if there is a clear best
information source (e.g. Text or GO), it pays off to tune the weights
automatically (either withumin = 0 or, better, withumin = 0.5). If
all or most information sources are roughly equally good, the uni-
form weighting performs better than with the automatically tuned
weights. In all cases except when all data sources including Text
are being usedymin = 1 seems to perform comparably well to
the other kernel methods, and in all cases it performs better than
ENDEAVOUR (see higher).

When using all data sources, the performance is not signifi-
cantly different from the performance based on single-kernel
novelty detection on Text, in particular for the linear kernel.
The most likely reason is that the genes in this study have been
well-described, such that Text is likely to be most informative
by far. Then, taking other less informative (or more ‘noisy’)
data into account may be expected to worsen the result. Howe-
ver, it is encouraging that this is not the case. (See Figure 2
above.) One may argue that it is as good to simply pick the
Text data source (if it is available), and discard the others. It
should be noted however that in general it is not known a priori
which data source is clearly the better. Hence, also the task
to pick the best kernel has to be made in a data drive way,
and imperfections in this selection process would degrade the
result. Hence, comparing the data fusion methods with any of
the single kernels is unfavorable for the data fusion methods.

2. When applied to all data sources except the suspectedly richer

ones such as Text, GO and KEGG, our method based on kernel
combinations is clearly better than any of the separate ker-
nels. This effect is stronger if more informative data sources
are excluded.

The weightsy, attributed to each of the kernels are summa-
rized in the bottom four bar plots of Figure 2. Clearly, when
taken into account, Text, and to a lesser extent GO data, get the
largest part of the weight. When Text data, or Text and GO, are
absent the weights are more evenly distributed. Overall, linear
kernels yield better results and get higher weights on this data
set. The Seq data gets small weights all over, despite its good
individual performance. A potential explanation is that intere-
sting aspects of the sequence information are contained in other
information sources, such as InterPro.

In summary, our method effectively integrates complementary infor-

mation from different sources.

4.2.3 Investigation of the noise sensitivitfable 2 reveals that
for increasing amounts of noise, the uniformly weighted method
degrades much more rapidly than the methods with tuned weights.
This can be explained by the fact that the tuned weights are usually
lower for noise kernels than for the informative kernels. Similarly, a
larger number of (approximate) copies of the same bad kernel would
degrade the performance of the naive method with equal weights,
while the methods with tuned weights are insensitive to this. For a
discussion of similar observations in a related context, see [7, 5].
Overall, when large amounts of noise are to be expected or when
one or few of the data sources is much more discriminative than
the others, the regularized methad{, = 0.5) seems the most
robust and performant method. If less than half of the information
sources are suspected to be irrelevant, it is better to use the uniformly
weighted kernel methodufin = 1).

4.2.4 Performance of individual kernels versus the overall per-
formance Besides comparing the different proposed data fusion
methods, we should assess whether it makes sense at all to perform
data fusion. To this end, consider Figure 2. We now only consi-
der the regularized method witlani, = 0.5, which seems to be
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Table 2. The mean AUC performances, for all 3 methods: automatic tuning pyti = 0, regularized automatic tuning witlay,i, = 0.5, and uniformly
weighted (equivalent with usingyin = 1). ENDEAVOUR'’s performance is shown for comparison. Clearly, overall the simple kernel-based method with
min = 1 comes out best, despite a slightly lower performance than the methodswith= 0 and .y, = 0.5 for when the Text data is included.

Lmin =0  fimin =05 fimin — 1 | ENDEAVOUR
All data 0.0505 0.0477 0.0686 0.0833
No Text 0.1241 0.1121  0.1043 0.1290
No Text/GO 0.1902 0.1644  0.1491 0.1698
No Text/GO/KEGG| 0.2121 0.1828  0.1675 0.1698

Table 3. The mean AUC performances, for all 3 methods: automatic tuning iy = 0, regularized automatic tuning witlayin, = 0.5, and uniformly
weighted (equivalent with using,i, = 1), and this for varying number of noise sources. Clearly, the methodith = 0.5 is the most robust against
noise. However, also withyin = 1 a good robustness is achieved.

Pmin =0  #min=05 pmin=1

All data No noise| 0.0505 0.0477 0.0686
sources 4x noise 0.0596 0.0579 0.0950
8x noise| 0.0656 0.0644 0.1144

16x noise| 0.0702 0.0694 0.1420

No Text No noise| 0.1241 0.1121 0.1043
4x noise| 0.1411 0.1330 0.1395

8x noise| 0.1520 0.1444 0.1629

16x noise| 0.1624 0.1566 0.1943

No Text, No noise| 0.1902 0.1644 0.1491
no GO 4x noise| 0.2186 0.2034 0.2005
8x noise| 0.2375 0.2257 0.2275

16x noise| 0.2554 0.2496 0.2599

No Text, No noise| 0.2121 0.1828 0.1675
no GO, 4x noise| 0.2410 0.2245 0.2296
no KEGG 8x noise| 0.2626 0.2500 0.2612
16x noise| 0.2825 0.2770 0.2963
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Fig. 2. The top figure shows the AUC performances of each individual kernel, three for each data source (in each triplet the left bar corresponds with the
linear kernel, the middle one with the RBF with small kernel width, the right one with large kernel width). For comparison, the 4 full red lines indicate the
performance of the kernel combination method withi, = 0.5, using all data sources, all but Text, all but Text and GO, and all but Text, GO and KEGG (in
order of decreasing AUC). The lower 4 bar plots show the weightattributed to each of the kernels by the kernel combination methodpyith = 0.5,

using each of these 4 (sub)sets of data sources.
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