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Abstract Domains are basic structural and functional
unit of proteins, and, thus, exploring associations between
protein domains and human inherited diseases will greatly
improve our understanding of the pathogenesis of human
complex diseases and further benefit the medical preven-
tion, diagnosis and treatment of these diseases. Based on
the assumption that deleterious nonsynonymous single
nucleotide polymorphisms (nsSNPs) underlying human
complex diseases may actually change structures of protein
domains, affect functions of corresponding proteins, and
finally result in these diseases, we compile a dataset that
contains 1174 associations between 433 protein domains
and 848 human disease phenotypes. With this dataset, we
compare two approaches (guilt-by-association and correla-
tion coefficient) that use a domain-domain interaction
network and a phenotype similarity network to prioritize
associations between candidate domains and human
disease phenotypes. We implement these methods with
three distance measures (direct neighbor, shortest path with
Gaussian kernel, and diffusion kernel), demonstrate the
effectiveness of these methods using three large-scale
leave-one-out cross-validation experiments (random con-
trol, simulated linkage interval, and whole-genome scan),
and evaluate the performance of these methods in terms of
three criteria (mean rank ratio, precision, and AUC score).
Results show that both methods can effectively prioritize
domains that are associated with human diseases at the top
of the candidate list, while the correlation coefficient
approach can achieve slightly higher performance in most
cases. Finally, taking the advantage that the correlation
coefficient method does not require known disease-domain

associations, we calculate a genome-wide landscape of
associations between 4036 protein domains and 5080
human disease phenotypes using this method and offer a
freely accessible web interface for this landscape.

Keywords protein domains, disease phenotypes, prior-
itization, guilt-by-association, correlation coefficient

1 Introduction

The past decade has witnessed a golden era for the
development of human genetic association studies that
focus on the identification of genetic risk factors under-
lying human inherited diseases [1–3]. Of all researches in
this area, the problem of identifying genes and their
products that are responsible for specific diseases has long
been concerned and extensively explored [4–14]. Since a
protein is typically composed of several structural domains
[15], it is reasonable to assume that harmful genetic
variants such as deleterious nonsynonymous single
nucleotide polymorphisms (nsSNPs) that are responsible
for a specific disease may actually change structures of
some protein domains, affect functions of corresponding
proteins, and further result in the disease. Hence, revealing
the relationships between protein domains that contain
deleterious genetic variants and human diseases with
which the variants are associated will greatly improve our
understanding of genetic mechanisms of the diseases and
further benefit medical prevention, diagnosis, and treat-
ment of these diseases.
Analogous to the prioritization of disease genes [16–21],

the problem of discovering protein domains that are
associated with a specific disease phenotype can be
formulated as a prioritization problem, in which one first
scores the possibility of association between a candidate
domain and a specific disease phenotype of interest and
then ranks a list of candidates according to their scores.
This general one-class novelty learning formulation,
together with the explosive expansion of domain-domain
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interaction databases [22–25] and pair-wise similarity
measurements of human disease phenotypes [26], suggests
the following methods for prioritizing protein domains that
are associated with human complex diseases. First,
according to the “guilt-by-association” principle [27] that
has been successfully used in the identification of disease
genes [28,29], one assumes that a candidate domain is
likely to be associated with a disease if the candidate has
similar properties as domains that are known to be
associated with the disease. According to this assumption,
a set of domains that are associated with a specific disease
are defined as seed domains, and the possible association
of a candidate domain to the disease is measured by the
total distance from the candidate to all seed domains in
some domain-domain interaction network. Second,
according to the “correlation coefficient” approach [4],
one assumes that phenotypically similar diseases are often
caused by functionally related domains, and, thus, a
positive correlation should exist between a domain-domain
relatedness profile and a phenotype-phenotype similarity
profile. As a result, there is no need of defining seed
domains, and candidate domains are prioritized by the
correlation coefficient of corresponding relationships in the
domain-domain interaction network and those in the
phenotype-phenotype similarity network.
In this paper, we implement a proof-of-concept analysis

and comparison on the performance of the above two
prioritization approaches, say, the guilt-by-association
approach and the correlation coefficient approach. For
both approaches, a set of known disease-domain associa-
tions are obtained from the UniProt database [30] and the
Pfam database [31]. In addition, a domain-domain
interaction network is compiled from the DOMINE
database [22]. Furthermore, for the correlation coefficient
approach, an additional phenotype-phenotype similarity
network is obtained from Van Driel et al.’s result [26]. For
both methods, we use three distance measures: direct
neighbors (DN), shortest path with Gaussian kernel (SG),
and diffusion kernel (DK), to calculate the distance
between two domains in the given domain-domain
interaction network.
We apply three leave-one-out cross-validation experi-

ments (random control, simulated linkage interval, and
whole-genome scan) to validate the above approaches, and
we evaluate the performance of each approach in terms of
three widely used criteria (mean rank ratio, precision, and
the area under the receiver operating characteristic (ROC)
curve (AUC) score). Results show that both approaches
can successfully recover the associations between protein
domains and human disease phenotypes, though the
correlation coefficient approach performs better in the
random control and the simulated linkage interval experi-
ments, and the guilt-by-association approach achieves
higher performance in the whole-genome scan. We further
verify that the performance of our approaches does rely on
the information contained in the domain-domain

interaction network by shuffling the original network.
Finally, taking the advantage that the correlation coeffi-
cient method does not require known disease-domain
associations, we calculate a genome-wide landscape of the
associations between 4036 protein domains and 5080
human disease phenotypes and offer a freely accessible
web interface for this landscape.

2 Materials and methods

2.1 Data sources

2.1.1 Domain-domain interaction network

We ground our inference of disease-domain associations on
a domain-domain interaction network that is extracted from
the DOMINE database [22]. DOMINE is one of the most
widely-used databases of known and predicted domain-
domain interactions. As for February 2008, this database
contains a total of 20513 domain-domain interactions, out
of which 4349 (gold-standard positives) are inferred from
Protein Data Bank (PDB) entries (the union of the sets of
interactions from iPfam [25] and 3did [32,33]), and 17781
are predicted by at least one computational approach of
eight different approaches using Pfam domain annotations.
Of the 17781 predictions, 3143 interactions are high-
confidence predictions (predicted by ME [34] or at least
two different approaches), 729 interactions are medium-
confidence predictions (hetero-domain interactions in
which both domains belong to the same biological process
in the gene ontology), and the remaining 13909 are low-
confidence predictions [22]. Among all the interactions, the
PDB part possesses the highest reliability with the lowest
false positive rate, followed by the high-confidence
interactions, and then the medium and low-confidence
interactions. On the other hand, the coverage of network
only composing PDB entries is the lowest (2285 no-self-
loop interactions out of altogether 4349 interactions among
1971 non-isolated domains out of altogether 2948
domains, with averagely 1.1593 interactions per domain),
while that of the entire DOMINE network is the highest
(18239 no-self-loop interactions out of altogether 20513
interactions among 3499 non-isolated domains out of
altogether 4036 domains, with averagely 5.2126 interac-
tions per domain). For this dilemma, we have to seek for a
compromise between the reliability and the coverage.
Consequently, we use the PDB+ high-confidence part of
the DOMINE database, which has the medium rate of false
interactions and also the medium coverage (3960 no-self-
loop interactions out of altogether 6163 interactions among
2282 non-isolated domains out of altogether 3055
domains, with averagely 1.7353 interactions per domain).
With this definition, all its 2282 domains with a total of
3960 no-self-loop interactions are utilized as the domain-
domain interaction network.
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2.1.2 Phenotype similarity network

The phenotype similarity network is obtained from an
earlier work of Van Driel et al. [26], in which the pair-wise
relationships between 5080 human genetic disease pheno-
types from the Online Mendelian Inheritance in Man
(OMIM) database are mapped. The anatomy (A) and the
disease (C) sections of the medical subject headings
(MeSH) vocabulary are used to extract terms from OMIM,
providing a standard way to represent the OMIM records
as corresponding phenotype feature vectors. Each pheno-
type is characterized by a vector of standardized and
weighted phenotypic feature terms mapped from corre-
sponding OMIM records in the full text (TX) and clinical
synopsis (CS) fields. For each pair of phenotype, their
similarity score is calculated by the cosine of their feature
vector angle [35]. The reliability of the phenotype
similarity score has been tested [26], showing that these
phenotype similarities are positively correlated with a
number of measures of gene functions. The final
phenotype network contains pair-wise similarity scores
for 5080 OMIM phenotypes, covering the majority of
recorded human phenotypes.

2.1.3 Domain-disease associations

We define that a domain is associated with a disease
phenotype of interest if the domain contains at least one
deleterious nsSNP that is associated with the phenotype;
therefore, the associations between protein domains and
disease phenotypes are obtained by bridging the associa-
tions between phenotypes and deleterious nsSNPs as well
as relationships between protein and domains.
Associations between phenotypes and nsSNPs are

obtained from the UniProt database [30], where nsSNPs
are classified into three categories: disease, polymorphism,
and unclassified. In version 57.12 (released on December
15th, 2009) of this database, 22992 nsSNPs belong to the
disease category; 36179 belong to the polymorphism
category; and the rest 1993 nsSNPs are unclassified. For an
nsSNP belonging to the disease category, the entry
identification (ID) of the specific disease in the OMIM
database is also offered. We further calculate the
percentage of disease-related SNPs located in the domain
region in the whole protein region, and of all the 22992
disease-related nsSNPs, 16366 are located in the domain
region, with the percentage 71.18%. In our study,
associations between phenotypes and nsSNPs are con-
structed using nsSNPs that belong to the disease category.
Relations between human proteins and domains are

obtained from the Pfam database [31]. This database is a
large collection of protein domain families containing two
levels of quality: a manually curated, high-quality collec-
tion of domain families (Pfam-A), and an un-annotated,
low-quality collection of domain families (Pfam-B). In
version 24.0 of the Pfam-A collection (released in October

2009), 11912 domain families that cover more than
75.15% of known proteins are collected.
With the above two data sources, we collect from the

UniProt and the Pfam databases 1174 associations between
433 domains and 848 diseases, with 625 diseases being
associated with one domain and 223 diseases being
associated with two or more domains.

2.2 Guilt-by-association approach

The “guilt-by-association” approach [27–29] is con-
structed based on the assumption that domains that are
close in a domain-domain interaction network are likely to
be associated with the same disease. On the basis of this
assumption, a set of domains that have associations with a
certain disease phenotype are defined as seed domains, and
the total distance of a candidate domain to the set of seed
domains is utilized as the score for prioritization. The
scheme of the guilt-by-association approach is shown in
Fig. 1(a).

We employ three distance measures with this approach:
1) DN, 2) SG, and 3) DK. The direct neighbor
distance DN(u,v) between two domains u and v is defined 1
if the two domains are adjacent in the domain-domain
interaction network and+1 if the two domains are not

Fig. 1 Schemes of two approaches. (a) Guilt-by-association
approach; (b) correlation coefficient approach
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adjacent. The shortest path distance SP(u,v) between two
domains u and v is defined as the length of the shortest path
between the two domains. With the use of Gaussian kernel,
the distance measure SG(u,v) is obtained as

SGðu,vÞ ¼ e – βðSPðu,vÞÞ
2

,

where β is a free parameter, and we set it to 1 in our studies.
The diffusion kernel K ¼ fkuvgn�n of a domain-domain
interaction network with n domains is defined as K ¼ eγL,
where 0 < γ < 1 is a free parameter that controls the
magnitude of diffusion, and we set it to 0.05 in our
analysis. The matrix L =D –A is the Laplacian of the
network, where D is a diagonal matrix containing node
degrees, and A is the adjacency matrix of the domain-
domain interaction network. With the diffusion kernel
being calculated, we define the diffusion kernel distance
between two domains u and v as

DKðu,vÞ ¼ kuv:

2.3 Correlation coefficient approach

A limitation of the guilt-by-association approach is that it
can only prioritize candidate domains for a disease
phenotype that has at least one seed domain known to be
associated with the phenotype. Therefore, this approach
cannot be applied to disease phenotypes that are lacking of
any associated domains. To overcome this limitation, we
follow the CIPHER method proposed by Ref. [4] to obtain
concordance scores for candidate domains by correlating
human phenotype similarity profile and domain proximity
profile and further prioritize the candidates according to
their score. CIPHER is a tool for prioritizing disease genes.
This method utilizes a simple linear regression model that
integrates human protein-protein interactions, disease
phenotype similarities, and known gene-phenotype asso-
ciations to capture the relationships between phenotypes
and genotypes [4]. Following this notion, we assume a
linear relationship between the disease phenotype similar-
ity profile of the disease of interest and the domain
proximity profile of a candidate domain, and we define the
correlation coefficient between the domain proximity
profile and the phenotype similarity profile as a score to
measure the possibility of association between the disease
phenotype and the candidate domain.
Mathematically, let Ypp' denote the similarity score

between a query disease phenotype p and another disease
phenotype p'. We define the disease phenotype similarity
profile for the disease phenotype p as the vector

Y p ¼ ðYpp1,Ypp2,:::,YppmÞ,
that is, the similarities between the disease phenotype p
and all other disease phenotypes p1, p2,…, pm, where m is
the total number of disease phenotypes in the disease
phenotype similarity database. Let Xdd' denote the

proximity (distance) of two domains d and d' in the
domain-domain interaction network, calculated from one
of the three methods (i.e., direct neighbor, shortest path,
and diffusion kernel) described above. Let D(p) denote the
set of domains known to be associated with a disease
phenotype p. We define Xdp, the proximity of a candidate
domain d to a disease phenotype p, as the total distance
from the domain d to all domains known to be associated
with the disease phenotype p, that is,

Xdp ¼
X

d# 2DðpÞ
Xdd# :

Furthermore, we define Xd, the domain proximity profile
for a candidate domain d, as the vector composed of the
proximities of the candidate domain d to all disease
phenotypes, that is,

X d ¼ ðXdp1,Xdp2,:::,XdpmÞ:
With these definitions, we define the concordance score

of a domain d and a disease phenotype p as the Pearson’s
correlation coefficient of the domain proximity profile Xd

and the disease phenotype similarity profile Yp, that is,

CSdp ¼
covðXd ,Y pÞ
�ðXdÞ�ðY pÞ

:

Obviously, this correlation coefficient between the
domain proximity profile Xd and the disease phenotype
similarity profile Yp should be high if the similarities
between the disease phenotype p and all other disease
phenotypes can be explained by the proximities of the
candidate domain to domains that are known to be
associated with the other disease phenotypes. Conse-
quently, we can use this correlation coefficient to prioritize
a list of candidate domains. Following Ref. [4], we name
this correlation coefficient the concordance score. The
scheme of the correlation coefficient approach is shown in
Fig. 1(b).

2.4 Validation methods and evaluation criteria

On the basis of the domain-domain interaction network
and the known associations between protein domains and
disease phenotypes, we would like to validate how well the
above two approaches perform in recovering these known
associations. We adopt three large-scale leave-one-out
cross-validation experiments for this purpose.
First, in the validation of random controls, we prioritize

domains that are known to be associated with disease
phenotypes (i.e., disease domains) against randomly
selected control domains. Specifically, in each run of the
validation, we select an association between a domain and
a disease phenotype, assume that the association is
unknown, and prioritize the domain against a set of 99
randomly selected control domains. Note that for the guilt-
by-association approach, seed domains are selected as all
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domains that are associated with the disease phenotype,
except for the domain under investigation. For this reason,
we only focus on disease phenotypes that are associated
with at least two domains in the validation procedure for
the guilt-by-association approach, since we need to use at
least one domain that is associated with a phenotype as the
seed to calculate the closeness score. For the correlation
coefficient approach, however, there is no such limitation,
and all the phenotype-associated domains can be used in
the validation procedure.
Second, in the validation of simulated linkage intervals,

we prioritize domains that are known to be associated with
disease phenotypes (i.e., disease domains) against domains
that are located around the disease domains. Specifically,
in each run of the validation, we select an association
between a domain and a disease phenotype, assume that
the association is unknown, and prioritize the domain
against a set of control domains that are located in 10Mbp
upstream and downstream around this domain [36]. Our
analysis shows that there are, on average, 53 candidate
domains in the linkage intervals simulated in this way,
where the minimum number of candidate domains in the
linkage interval is four, and the maximum number is 395.
As analyzed before, for the guilt-by-association approach,
we only focus on disease phenotypes that are associated
with at least two domains and select seed domains as all
domains that are associated with the disease phenotype
except for the domain under investigation, while for the
correlation coefficient approach, we could further validate
disease phenotypes that are associated with only one
domain.
Third, in the validation of whole-genome scan, we

prioritize domains that are known to be associated with
disease phenotypes (i.e., disease domains) against all
known domains. Specifically, in each run of the validation,
we select an association between a domain and a disease
phenotype, assume that the association is unknown, and
prioritize the domain against a set of control domains that
are collected in the Pfam database and included in the
domain-domain interaction network. Again, for the guilt-
by-association approach, we only focus on disease
phenotypes that are associated with at least two domains,
while for the correlation coefficient approach, we further
validate disease phenotypes that are associated with only
one domain.
In either of the above leave-one-out cross-validation

experiments, we repeat the validation run for every known
association between a disease phenotype and a domain,
and we are able to obtain a number of ranking lists. We
further normalize the ranks by dividing them with the total
number of candidate domains in the rankling list to obtain
rank ratios and derive three criteria to measure the
performance of a prioritization method.
We first propose a criterion called the mean rank ratio,

which is simply the average of rank ratios for all known
disease domains in a cross-validation experiment. This

criterion provides a summary of the ranks of all domains
that are known to be associated with disease phenotypes,
and the smaller the mean rank ratio, the better a method.
The second criterion we propose to use is called precision.
We consider a prediction as successful if the known disease
domain is ranked at the top (with rank 1). Then, the
proportion of successful predictions among all predictions
is defined as the precision. Obviously, a high precision
means a method with high prediction power. The third
criterion we propose to use is AUC, which is the area under
the ROC curve. Given a list of rank ratios and a predefined
threshold, we define the sensitivity as the percentage of
disease domains that are ranked above the threshold and
the specificity as the percentage of control domains that are
ranked below the threshold. Varying the threshold values,
we are able to plot a receiver operating characteristic curve,
which shows the relation between sensitivity and
1 – specificity. Calculating the AUC, we are able to obtain
the AUC score, which provides an overall measure for the
performance of the prioritization method.

3 Results

3.1 Comparison of proposed approaches

We first compare the performance of the guilt-by-
association approach and the correlation coefficient
approach through the three large-scale leave-one-out
cross-validation experiments using the data compiled
from the DOMINE [22], Pfam [31], and UniProt [30]
databases. Briefly, we extract the PDB+ high-confidence
part of the DOMINE database and obtain a domain-domain
interaction network, which has the medium rate of false
interactions and also the medium coverage (3960 no-self-
loop interactions out of a total of 6163 interactions among
2282 non-isolated domains out of a total of 3055 domains,
with on average 1.7353 interactions per domain). We
analyze the connectivity of this network and find 2282
non-isolated domains with 3960 no-self-looped interac-
tions. Further analysis shows that the giant component (the
largest connected component) of this network contains
3563 interactions among 1721 domains, while the second
largest connected component contains only ten interactions
among ten domains. There are further one component with
seven domains, three components with six domains, three
components with five domains, ten components with four
domains, 51 components with three domains, and 159
components with two domains. Considering that the
interactions in this network are of relatively high quality,
we decide to use all the 2282 non-isolated domains with
3960 interactions as the domain-domain interaction
network in our cross-validation experiments. We then
collect from the UniProt [30] and the Pfam databases [31]
1174 associations between 433 domains and 848 pheno-
types, in which 625 (74%) phenotypes are associated with
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one domain and 223 (26%) phenotypes are associated with
two or more domains.
For a fair comparison, we apply both the guilt-by-

association approach and the correlation coefficient
method to the 223 disease phenotypes that are associated
with two or more domains and calculate the mean rank
ratios, precisions, and AUC scores of both methods, as
shown in Table 1 and upper panels of Figs. 2–4. In Table 1,
the domain-domain interaction network includes the PDB
+ high-confidence part of the DOMINE database. GBA
represents guilt-by-association approach, CC represents
correlation coefficient approach. The results for random
controls are mean (standard derivation) of ten runs.
First, we can see from these results that both methods

can successfully recover the associations between protein
domains and human disease phenotypes. For example, in
the cross-validation for random controls, the mean rank
ratios are less than 10%; the precisions are greater than
50%; and the AUC scores are greater than 90%. In the
cross-validation for linkage intervals, the mean rank ratios
are less than 20%; the precisions are greater than 14%; and
the AUC scores are greater than 80%. In the cross-
validation for whole-genome scan, the mean rank ratios are
less than 15%; the precisions are greater than 55%; and the
AUC scores are greater than 85%. We, therefore, conclude
that both the guilt-by-association and correlation coeffi-
cient approaches are effective in the identification of
protein domains that are associated with human disease
phenotypes.
Second, we conjecture from these results that the

correlation coefficient approach can achieve higher
performance than the guilt-by-association method in
most cases. For example, in the cross-validations of both
random controls and simulated linkage intervals, the
correlation coefficient approach can achieve smaller
mean rank ratios, higher precisions, and larger AUC
scores. When looking at the ROC curve (Figs. 2–4), we can
see clearly that the curve of the correlation coefficient
approach climbs much faster towards the upper left corner

(0, 1) of the plot than does that of the guilt-by-association
method.
Third, we conclude from these results that both the

shortest path measure with Gaussian kernel and the
diffusion kernel measure are significantly better than the
direct neighbor measure, and the difference between these
two measures is not obvious, though the diffusion kernel
method seems slightly better. One possible explanation of
this phenomenon lies in that the direct neighbor measure is
a local measure which only uses interaction information of
domains that are directly connected, while the shortest path
and the diffusion kernel measures can use domain-domain
interaction information of all connected parts of the whole
network. Another reason may be that the direct neighbor
measure produces much more identical ranks than that of
the shortest path measure which produces only a few
identical ranks, while the diffusion kernel measure almost
never produces identical ranks. Since in our problem, the
final rank list of candidate domains is calculated by the
weighted mean of their original ranks, if too many identical
ranks exist, then the rank of the true candidate domain we
intend to obtain may be “pulled” down. For example, the
disease Retinitis Pigmentosa is associated with eight
domains: 7tm_1, Pkinase_Tyr, PDEase_I, fn3, Ion_trans,
Homeobox, Laminin_EGF, and GAF. When we use 7tm_1
as the candidate domain, the direct neighbor measure
prioritizes all the eight domains at rank 1 and thus leads to
a final rank of 4.5. On the other hand, the shortest path
measure prioritizes both of 7tm_1 and Pkinase_Tyr at rank
1 and leads to a final rank of 1.5, while the diffusion kernel
measure only prioritizes 7tm_1 at rank 1 and leads to a
final rank of 1. This scenario is quite common when one
prioritizes candidate domains for phenotypes that have two
or more seed domains, and it is possible that this
characteristic of the diffusion kernel measure contributes
to its higher performance.
Finally, the guilt-by-association method requires a set of

seed domains and thus can only be applied to prioritize
candidate domains for disease phenotypes with which

Table 1 Leave-one-out cross-validation results for 223 phenotypes associated with two or more domains, based on PDB+ high-confidence part of

domain-domain interactions in DOMINE

criterion distance measure random control linkage interval whole-genome scan

GBA CC GBA CC GBA CC

mean rank ratio

DN 0.2951 (0.0002) 0.1979 (0.0011) 0.2853 0.1965 0.3187 0.1819

SG 0.1180 (0.0008) 0.1065 (0.0009) 0.2246 0.1893 0.1102 0.1324

DK 0.0944 (0.0008) 0.0793 (0.0011) 0.1843 0.1581 0.0858 0.1279

precision

DN 0.4523 (0.0118) 0.5597 (0.0070) 0.1300 0.2333 0.5592 0.5883

SG 0.4576 (0.0178) 0.4475 (0.0120) 0.1367 0.2567 0.5628 0.4590

DK 0.5100 (0.0157) 0.6189 (0.0069) 0.1467 0.2667 0.6193 0.4772

AUC

DN 0.7142 (0.0001) 0.8052 (0.0007) 0.7440 0.8131 0.6827 0.8135

SG 0.8931 (0.0009) 0.9061 (0.0010) 0.7705 0.8206 0.8900 0.8644

DK 0.9150 (0.0008) 0.9311 (0.0012) 0.8250 0.8802 0.9119 0.8690
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some domains are known to be associated. The correlation
coefficient approach, however, does not have such
restriction and can be applied to prioritize candidate
domains for disease phenotypes with which no domains
are known to be associated. With this understanding, we
further perform the three leave-one-out cross-validation
experiments with the use of the 625 disease phenotypes
that are associated with only one domain and present the
results in Table 2. In Table 2, the domain-domain
interaction network includes the PDB+ high-confidence
part of the DOMINE database. The results for random
controls are mean (standard derivation) of ten runs.
In general, these results are consistent with our previous

analysis. For example, we can see from the table that both
the shortest path measure and the diffusion kernel measure
can achieve better performance than the direct neighbor
measure, while the difference between these two measures
is not obvious.

3.2 Robustness of proposed approaches

Although the above validation results suggest that the
proposed approaches can successfully prioritize candidate
domains and put the domain that is truly associated with
the query disease phenotype at the top of the ranking list, it
is necessary to validate whether the correct prioritization of
disease domains is due to the connectivity information that
is included in the domain-domain interaction network. For
this purpose, we can artificially destroy informative
interactions in the network and see what results can be
obtained. It should be expected that both the mean rank
ratios and the AUC scores should be around 50%, together
with very low precisions. With this understanding, we
shuffle interactions among domains while fixing the degree
(number of direct neighbors) of every domain. Then we
repeat each of the leave-one-out cross-validation experi-
ments using the shuffled network, which contains no

Fig. 2 ROC curves and AUC scores for random controls. (a) Results of guilt-by-association approach on PDB+ high-confidence
interactions in DOMINE database; (b) results of correlation coefficient approach on PDB+ high-confidence interactions in DOMINE
database; (c) results of guilt-by-association approach on shuffled PDB+ high-confidence interactions in DOMINE database; (d) results of
correlation coefficient approach on shuffled PDB+ high-confidence interactions in DOMINE database
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informative interactions among domains. As we expected,
the mean rank ratios are, in general, about 50% (data not
shown); the precisions are, in general, no more than 0.07
(data not shown); the AUC scores are, in general, about
50% (lower panels of Figs. 2–4). From these results, we
conclude that the successful prioritization of candidate
domains is indeed due to the informative interactions
among domains that are included in the domain-domain
interaction network.
We notice that the domain-domain interaction network

composed of both high-confidence interactions and the
predicted predictions is quite different from the network
composed of only the high-confidence interactions (PDB
and interactions predicted by at least two computational
methods). For example, the average degree of the high-
confidence network is only 1.7353, while that of the entire
network is 5.2126. Obviously, many predicted interactions

may be actually noise and thus badly affect the prioritiza-
tion of disease domains. It is, therefore, necessary to
validate the robustness of the proposed approaches. For
this purpose, we implement the same validation process
based on the domain-domain interaction network com-
posed of all interactions in the DOMINE database and
present the results in Tables 3 and 4. In Tables 3 and 4, the
domain-domain interaction network includes all interac-
tions in the DOMINE database. The results for random
controls are mean (standard derivation) of ten runs. From
these tables, we can see that the performances of both
methods using the entire DOMINE network are generally a
little inferior to those using the PDB+ high-confidence
part of DOMINE network. We then conjecture from these
results that both proposed methods are robust to the
possible noise in the domain-domain interaction network.
Further, we notice that the parameter β in the shortest

Fig. 3 ROC curves and AUC scores for linkage intervals. (a) Results of guilt-by-association approach on PDB+ high-confidence
interactions in DOMINE database; (b) results of correlation coefficient approach on PDB+ high-confidence interactions in DOMINE
database; (c) results of guilt-by-association approach on shuffled PDB+ high-confidence interactions in DOMINE database; (d) results of
correlation coefficient approach on shuffled PDB+ high-confidence interactions in DOMINE database
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Fig. 4 ROC curves and AUC scores for whole-genome scan. (a) Results of guilt-by-association approach on PDB+ high-confidence
interactions in DOMINE database; (b) results of correlation coefficient approach on PDB+ high-confidence interactions in DOMINE
database; (c) results of guilt-by-association approach on shuffled PDB+ high-confidence interactions in DOMINE database; (d) results of
correlation coefficient approach on shuffled PDB+ high-confidence interactions in DOMINE database

Table 2 Leave-one-out cross-validation results of correlation coefficient approach for 625 phenotypes associated with only one domain, based on

PDB+ high-confidence part of domain-domain interactions in DOMINE

criterion distance measure random control linkage interval whole-genome scan

mean rank ratio

DN 0.2894 (0.0008) 0.2087 0.2825

SG 0.2103 (0.0011) 0.1974 0.2366

DK 0.2072 (0.0010) 0.1973 0.2320

precision

DN 0.2534 (0.0103) 0.1524 0.2576

SG 0.2688 (0.0088) 0.1712 0.2656

DK 0.2539 (0.0067) 0.2095 0.2544

AUC

DN 0.7156 (0.0016) 0.7959 0.7136

SG 0.7973 (0.0012) 0.8068 0.7630

DK 0.8005 (0.0010) 0.8074 0.7676
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path measure with Gaussian kernel and the parameter γ in
the diffusion kernel are free parameters that need to be
pre-determined. However, in the above cross-validation
experiments, we set them as 1 and 0.05, respectively, to
seek for the simplicity. It is necessary to show whether the
prioritization methods are sensitive to these parameters.
For this purpose, we select several values across the range
of these parameters, perform the cross-validation experi-
ments, and see how the criteria change accordingly. We
take the prioritization results with the best performance in
the cross-validation experiments (correlation coefficient
method and random control validation in Table 1) as an
example to illustrate the influence of β. Since this
parameter ranges from 0 to+1, we perform a grid search
of this parameter by changing it from 0.01 to 100 with step
0.01 and see how the criteria change. We find that the peak
performance is obtained at β = 0.8 (mean rank ratio =
0.0996, precision = 0.4614, and AUC score = 0.9085), and
the results are very similar to those at the default value β =
1.0 (mean rank ratio = 0.1065, precision = 0.4475, and
AUC score = 0.9061). We then conjecture that the
prioritization methods are not sensitive to this free
parameter. Similarly, we find that the prioritization

methods are not sensitive to the free parameter γ (data
not shown).
Finally, in order to test the influence of the size of seed

associations on the prioritization results, we use 100%,
90%, 80%, 70%, 60%, and 50% of the original seed
associations, respectively, and we repeat the leave-one-out
validation processes. We only calculate the performance
using the correlation coefficient approach based on
diffusion kernel measure and choose the PDB+ high-
confidence part of the DOMINE database as the domain-
domain interaction network. Results show that with the
percentage of used seed associations decreasing from
100% to 50%, performance in terms of mean rank ratio,
precision and AUC score also decrease slightly, despite a
few exceptions. For example, in the cross-validation for
random controls, the decreases of mean rank ratios are no
more than 8.28%; the decreases of precisions are no more
than 10.04%; and the decreases of AUC scores are no more
than 8.33%. In the cross-validation for linkage intervals,
the decreases of mean rank ratios are no more than 7.69%;
the decrease of precisions are no more than 9.02%; and the
decreases of AUC scores are no more than 8.11%. In the
cross-validation for whole-genome scan, the decreases of

Table 3 Leave-one-out cross-validation results for 223 phenotypes associated with two or more domains, based on all domain-domain interactions

in DOMINE

criterion distance measure random control linkage interval whole-genome scan

GBA CC GBA CC GBA CC

mean rank ratio

DN 0.2923 (0.0004) 0.2169 (0.0009) 0.2829 0.1775 0.2853 0.1829

SG 0.1075 (0.0010) 0.1236 (0.0015) 0.2321 0.1790 0.0974 0.1251

DK 0.0943 (0.0007) 0.1228 (0.0010) 0.1959 0.1726 0.0853 0.1179

precision

DN 0.4062 (0.0101) 0.4715 (0.0081) 0.1151 0.2619 0.4921 0.5194

SG 0.4013 (0.0104) 0.3967 (0.0106) 0.1456 0.2500 0.4806 0.4532

DK 0.5165 (0.0119) 0.3963 (0.0082) 0.1959 0.2778 0.6173 0.4331

AUC

DN 0.7223 (0.0012) 0.7745 (0.0006) 0.6833 0.8292 0.7172 0.8125

SG 0.9273 (0.0009) 0.9219 (0.0007) 0.7791 0.8273 0.9032 0.8716

DK 0.9483 (0.0016) 0.9234 (0.0005) 0.8103 0.8338 0.9108 0.8793

Table 4 Leave-one-out cross-validation results of correlation coefficient approach for 625 phenotypes associated with only one domain, based on all

domain-domain interactions in DOMINE

criterion distance measure random control linkage interval whole-genome scan

mean rank ratio

DN 0.2917 (0.0008) 0.2357 0.2850

SG 0.2334 (0.0011) 0.2188 0.2345

DK 0.2283 (0.0017) 0.2270 0.2289

precision

DN 0.2528 (0.0079) 0.0865 0.2604

SG 0.2430 (0.0065) 0.1315 0.2474

DK 0.2474 (0.0048) 0.1972 0.2617

AUC

DN 0.7277 (0.0043) 0.7703 0.7112

SG 0.8085 (0.0039) 0.7872 0.7638

DK 0.8148 (0.0024) 0.7790 0.7693
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mean rank ratios are no more than 6.83%; the decreases of
precisions are no more than 10.05%; and the decreases of
AUC scores are no more than 9.33%. From these results,
we conclude that the prioritization methods are not
sensitive to the size of seed associations.

3.3 Landscape of domain-phenotype associations

With the above validation results demonstrating the
possibility of recovering the associations between protein
domains and disease phenotypes, we further apply the
correlation coefficient method to all available protein
domains and human disease phenotypes and predicted a
genome-wide landscape of the associations between
protein domains and human disease phenotypes. There
are a total of 5080 phenotypes in the phenotype similarity
network and 4036 protein domains in the domain-domain
interaction network (the entire DOMINE network). For
each phenotype, we perform a prioritization of all domains
with the use of the correlation coefficient approach (with
the diffusion kernel measure). The prioritization results,
together with a freely accessible web interface, are
provided at http://bioinfo.au.tsinghua.edu.cn/member/
wzhang/domain. All domains on the webpage are linked
to the DOMINE database, from which further information
can be obtained.

4 Discussion

In this paper, we study the problem of identifying
associations between protein domains and human disease
phenotypes from the viewpoint of one class novelty
learning. We propose a correlation coefficient approach to
prioritize a list of candidate domains and compare the
performance of this approach with a method designed
according to the guilt-by-association principle. We validate
the performance of the proposed approach through
extensive large-scale cross-validation experiments and
demonstrate the superior performance of this approach.
The success of the correlation coefficient approach is

mainly due to the use of the similarity profiles between
disease phenotypes. The principle behind this model is that
the similarity between two disease phenotypes can be
explained by the proximities of domains that are associated
with the phenotypes via a linear functional relationship.
Therefore, the qualities of both the phenotype similarity
profiles and the proximities among domains are of great
importance to this approach. As for the former, there are
already several methods for calculating similarities
between disease phenotypes [37–39], and how to integrate
the results of these methods remains a challenge. As for the
latter, how to develop effective computational methods to
predict domain-domain interactions is still an open
question. Besides the qualities of the data, a more
comprehensive model that is capable of capturing the

complicated functional relationship between the similarity
profile and the proximity profile is desired. One possible
approach is to explore this regression problem from the
viewpoint of Gaussian process [40].
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