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Abstract— Although remarkable success has been achieved
by genome-wide association (GWA) studies over the past
few years, genetic variants discovered in GWA studies can
typically account for only a small fraction of heritability of
most common diseases. As such, the identification of
multiple rare variants that are associated with complex
diseases has been receiving more and more attentions.
However, most of the recently developed statistical
approaches for detecting association of rare variants with
diseases require the selection of functional variants before
the successive analysis, making an effective bioinformatics
method for filtering out non-relevant rare variants
indispensible. In this paper, we focus on a specific type of
genetic variants called single amino acid polymorphisms
(SAAPs). We propose to prioritize candidate SAAPs for a
specific disease according to their association scores that are
calculated using a guilt-by-association model with a set of
features derived from protein sequences. We validate the
proposed approach in a systematic way and demonstrate
that the proposed model is powerful in distinguishing
disease-associated SAAPs for the specific disease of interest.
Index Terms— Single amino acid polymorphisms,
prioritization, guilt-by-association, Euclidean distance,
Manhattan distance

I. INTRODUCTION
Over the past few years, remarkable success has been
achieved by genome-wide association (GWA) studies in
the discovery of genetic variants that are responsible for
*To whom correspondence should be addressed.
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Copyright © 2011 MECS

human inherited diseases [1], with examples including
age-related macular degeneration [2], Diabetes [3],
Hypertension [4], and many others [5-7]. Typically, a
GWA study is designed to uncover potential associations
of genetic variants with observable traits of a disease by
examining whether these genetic variants occur in
different frequencies between a case population and a
control population. To accomplish this, it is often
assumed that the etiology of common diseases is
arbitrated by commonly occurring genomic variants in a
population. This assumption is also known as the common
disease-common variant (CD-CV) hypothesis [8, 9].
Nevertheless, recent studies have suggested that such
common variants can only explain a small fraction of the
heritability of most common diseases [10, 11], and that in
general cases, the disease etiology is more likely to be
caused collectively by multiple rare variants with
moderate to high penetrance, resulting in the alternative
common disease-rare variant (CD-VR) hypothesis for
GWA studies [12, 13].
Rare variants are different from common variants in
many properties, such as the low marginal population
attributable risk and the wide range of penetrance. It is
therefore quite difficult to uncover genetic effects of rare
variants using existing experimental techniques and
computational approaches that are developed for common
variants. However, with the accelerating advancement of
the next generation sequencing technology, it becomes
more and more feasible to directly sequence candidate
genetic regions or even the whole genome to obtain a
huge number of rare variants. Moreover, in order to deal
with such a huge number of variants, several statistical
methods have been developed to simultaneously identify
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the association of multiple rare variants with the disease
under investigation. These methods include the combined
multivariate and collapsing method [8], the cohort allelic
sums test approach [14], the weighted-sum statistical
analysis [13], and many others [15-17]. Most of these
methods use the grouping approach to cluster variants
under investigation according to their functions. Though
being effective, this approach requires correct
classification of functional mutations and is quite
sensitive to neutral or un-functional variants. On this
scenario, bioinformatics tools or filters are expected to
make functional predictions of the rare variants under
investigation and accordingly decide which of them
should be included in the successive statistical analysis.
As a typical type of genetic variants, nonsynonymous
single nucleotide polymorphisms (nsSNPs) that occur in
single bases of protein coding sequences lead to single
amino acid polymorphisms (SAAPs) in protein sequences.
These SAAPs potentially alter structures of proteins,
affect functions of proteins, and further cause human
diseases [18]. In order to predict potential effects of such
SAAPs, bioinformatics methods, such as SIFT [19],
PolyPhen [18], KBAC [20], and MSRV [21] have been
proposed. These methods typically classify SAAPs that
are potentially associated with some diseases against
neutral ones that are not associated with any disease from
the perspective of binary classification. However, all
these methods with such a formulation can only assign a
generic “disease” category or a “non-disease” category to
SAAPs, and can not specify the disease with which the
SAAP may be associated. As such, the classification
results of these methods can only provide limited
information to practical applications.
To overcome this limitation, in this paper, we
formulate the identification of SAAPs that may be
associated with a specific disease from a set of candidate
SAAPs as a one-class novelty learning problem. More
specifically, we define an association score to quantify
the strength of association between a query disease and a
candidate SAAP, and then we prioritize candidate SAAPs
among according to their association scores. We design
the scoring method according to the guilty-by-association
principle [22], on the basis of the assumption that the
disease under investigation is known to be associated
with a set of seed SAAPs, who share similar properties.
Following this assumption, a candidate SAAP may be the
suspicious disease-associated SAAP for the query disease
if it bears homogeneous properties with the seed SAAPs
of the disease. We derive four features for SAAPs from
multiple sequence alignment of protein sequences in
which the SAAPs occur, and we use two popular distance
measures (the Euclidean distance and the Manhattan
distance) to calculate the dissimilarity between two
SAAPs in the feature space. We demonstrate the
effectiveness and predictive power of our approach via
comprehensive large-scale leave-one-out cross-validation
experiments. Results show that our approach is effective
in identifying relationships between SAAPs and diseases,
with the Manhattan distance achieving the most precise
prediction results.
Copyright © 2011 MECS

II. MATERIALS AND METHODS
A. Data Sources
We carry out the proposed studies by taking advantage
of two widely used databases in proteomics: the SwissProt database [23] and the Pfam database [24].
The Swiss-Prot database [23] provides detailed
annotations of known SAAPs. In version 2010_10
(released on October 5, 2010) of this database, a total of
62,430 SAAPs occurring in 12,401 human proteins are
collected. Each SAAP is annotated as “Disease,”
“Polymorphism,” or “Unclassified.” In this paper, we
refer to SAAPs with “Disease” annotations as disease
SAAPs and those with “Polymorphism” annotations as
neutral SAAPs. For disease SAAPs, the names and the
OMIM accession numbers of the diseases to which the
SAAPs are associated are further provided.
The Pfam [24] database collects curated and predicted
protein families and domain annotations. This database is
further split into a Pfam-A part that includes curated
protein families and a Pfam-B part that includes predicted
protein families. In version 24.0 (released in October
2009) of this database, there are a total of 11,912 protein
families included in the Pfam-A part.
In our studies, we focus on SAAPs that occur in
protein domains, for the purpose of utilizing information
of protein families to obtain multiple sequence alignment
of protein sequences. By combining the annotations of
SAAPs in the Swiss-Prot database and domain
annotations in the Pfam database, we finally collect
13,735 neutral SAAPs and 14,511 disease SAAPs that are
associated with 1,575 diseases.
B. Sequence Conservation Features
We derive four sequence conservation features from
protein multiple sequence alignment. Given a SAAP
occurring in a protein, we extract its homologous proteins
form the Pfam database to obtain the multiple sequence
alignment. We then look at the column of the alignment
that corresponds to the position at which the
polymorphism occurs, and we calculate the conservation
score of the original amino acid (Feature 1) as the relative
frequency of occurrence of the original amino acid.
Similarly, we calculate the conservation score of the
substituted amino acid (Feature 2) as the relative
frequency of occurrence of the substituted amino acid [21,
25, 26].
The above two conservation scores do not take the
background, i.e., frequencies of occurrence of amino
acids in all human protein, into consideration. However,
it is known that different types of amino acids do occur at
different frequencies in known human proteins. For
example, if we count the frequencies of occurrence of all
twenty types of amino acids in human proteins that are
collected in the Swiss-Prot database, we can obtain the
following Table I, which shows that the twenty types of
amino acids do, indeed, occur at quite different
frequencies. Considering this fact, we further propose the
following two conservation ratios by taking the
background frequencies of amino acids into consideration.
I.J. Information Engineering and Electronic Business, 2011, 2, 1-10

Extraction of Sequence Conservation Features for the Prioritization of Candidate
Single Amino Acid Polymorphisms

TABLE I.
FREQUENCY OF 20 TYPES OF AMINO ACIDS IN HUMAN PROTEINS
Amino acid

Frequency (%)

Amino acid

Frequency (%)

A

8.28

M

2.43

C

1.36

N

4.06

D

5.46

P

4.69

E

6.77

Q

3.94

F

3.86

R

5.54

G

7.10

S

6.52

H

2.27

T

5.33

I

5.99

V

6.88

K

5.85

W

1.08

L

9.67

Y

2.92

First, we obtain the conservation ratio of the original
amino acid in a SAAP (Feature 3) by dividing the relative
frequency of occurrence of the original amino acid by the
relative frequency of occurrence of the same type of
amino acid in the background. Second, we obtain the
conservation ratio of the substituted amino acid (Feature
4) by dividing the relative frequency of occurrence of the
substituted amino acid by the relative frequency of
occurrence of the same type of amino acid in the
background.
C. Guilt-by-association Model
Given a query disease of interest, a set of seed SAAPs
that are known to be associated with the query disease,
and a set of candidate SAAPs whose associations with the
disease need to be inferred, we adopt a guilt-byassociation model [22] to prioritize the candidate SAAPs
according to their strength of associations with the query
disease of interest. The basic assumption of this model is
that SAAPs that are associated with the same disease
should have similar conservation properties. Therefore,
we can calculate for each candidate SAAP an association
score by considering the similarity of the candidate
SAAP with each of the seed SAAPs and then summarize
all similarities to obtain a score that indicates the strength
of association of the candidate SAAP to the query disease.
For a single sequence conservation feature, we can
evaluate the dissimilarity between two SAAP using the
absolute value of the difference in their features, i.e.,
d ( x, y ) = f x − f y .

Then, for a set of single sequence conservation features
as a feature vector, we can obtain the dissimilarity
between two SAAPs using some function to calculate
distance between their feature vectors.
The first distance function we propose to use is the
Euclidean distance, which is considered as the most
traditional and ordinary way to compare two points in the
feature space. The mathematical formulation of the
Euclidean distance between two SAAPs with feature
vectors x and y is denoted as follow:
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n

d (x, y ) = ∑ ( xi − yi ) 2 .
i =1

The second distance function is the Manhattan
distance, which is also known as the rectilinear distance,
L1 distance, city block distance, or taxicab distance. The
Manhattan distance is the sum of the lengths of the
projections of the line segment between the points onto
the coordinate axes [27]. The mathematical formulation
of the Euclidean distance between two SAAPs with
feature vectors x and y is denoted as follow:
n

d (x, y ) = ∑ xi − yi .
i =1

According to the literature [27], the advantage of the
Manhattan over the Euclidean distance is that it weighs
slight differences more heavily.
Then, for the query disease D that has a set of seed
SAAPs associated, the dissimilarity between a candidate
SAAP with feature vector x and the query disease can be
obtained as
Z D (x) = ∑ d (x, x′)
x ′∈S ( D )

where SD is the collection of all seed SAAPs for the query
disease D.
With the dissimilarity between each of the candidate
SAAPs and the query disease being calculated, we can
further rank the candidate SAAPs according to their
dissimilarity scores to obtain a rank list. Alternatively, we
can define the reciprocal of the dissimilarity between a
candidate SAAP and the query disease as an association
score that indicates the strength of association between
the SAAP and the disease, and then prioritize the
candidate SAAPs according to their association scores.
D. Validation Methods and Evaluation Criteria
We adopt a series of large-scale leave-one-out crossvalidation experiments to assess the validity of the
proposed approach in recovering known associations
between diseases and SAAPs. Specifically, in each
validation run, we select an association between a disease
and a seed SAAP that is known to be associated with the
disease, assume that the association relationship is
unknown, and then prioritize the SAAP against a set of
control SAAPs based on their association scores.
According to the polymorphism SAAPs derived from the
Swiss-Prot database, we choose the following four
control groups:
(1) 99 randomly selected polymorphism SAAPs;
(2) 999 randomly selected polymorphism SAAPs;
(3) 9999 randomly selected polymorphism SAAPs;
(4) All 13,735 polymorphism SAAPs.
For every seed SAAP of every disease, we perform such
validation run, and accordingly, we can obtain a series of
ranking lists.
To soundly evaluate the performance of the proposed
prioritization method, we calculate two criteria with these
ranking lists. The first criterion is termed mean rank ratio
I.J. Information Engineering and Electronic Business, 2011, 2, 1-10
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A. Validation of the Model
We focus on diseases that have at least 4 seed SAAPs
in the Swiss-Prot annotations, and we obtain a total of
13,138 associations between 723 diseases and 13,138
SAAPs. We then perform for each of these associations a
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Figure 1.

diseases. In this situation, we focus on the series of
ranking lists obtained for all seed SAAPs.
As seed SAAPs that are associated with the same
disease should be more similar than polymorphism
SAAPs in the control group, it is expected that all the
seed SAAPs should rank at the top. Therefore, we expect
low mean rank ratios and high AUC scores for a good
prioritization method.
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of seed SAAPs (MRR), which is the average rank ratio of
all seed SAAPs. The second criterion is termed AUC
score (the area under the receiver operating characteristic
(ROC) curve), which is obtained as follows. At a certain
rank threshold, we define the sensitivity as the proportion
of seed SAAPs ranked above the threshold, and the
specificity as the fraction of control SAAPs ranked below
the threshold. By varying the threshold, we are able to
obtain a series of sensitivities and specificities, and
further plot a ROC curve. The area under this curve is
then defined as the AUC score.
The above two criteria can be used to evaluate the
proposed method in recovering known associations for a
single query disease. In this case, we focus on the series
of ranking lists obtained using seed SAAPs for the query
disease. These criteria can also be used to evaluate the
proposed method in recovering known associations for all
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substituted amino acid to the background situation;
(6) Features 3 and 4: using a vector composed of the
two conservation ratios.
From these figures, we can see that for a large
proportion of diseases, the seed SAAPs can be ranked at
top 50% among the control groups. In other words, we
can recover relationships between a large number of
known SAAPs and their associated diseases. Taking
Figure 1 (H) as an example, we calculate that for 662
(91.56%) diseases, the mean rank ratios are less than 50%;
for 236 (32.64%) diseases, the mean rank ratios are less
than 20%; for 78 (10.79%) diseases, the mean rank ratios
are less than 10%. We further run Wilcoxon signed rank
tests against the alternative hypothesis that the median of
the mean rank ratios is less than 50% (random situation),
and we find that no matter which features are used, the pvalue is less than 2.2×10-16. In other words, it is
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leave-one-out cross-validation experiment against each of
the four control groups, using either the Euclidian
distance or the Manhattan distance measure. We further
evaluate the performance of the proposed method for
each of the 723 diseases, in terms of the mean rank ratio
of seed SAAPs and the AUC score, and we summarize
the results in Figures 1 and 2, respectively. In each figure,
we further present six situations:
(1) Feature 1: using the conservation score of the
original amino acid;
(2) Feature 2: using the conservation score of the
substituted amino acid;
(3) Features 1 and 2: using a vector that is composed
of the two conservation scores;
(4) Feature 3: using the conservation ratio of the
original amino acid to the background situation;
(5) Feature 4: using the conservation ratio of the
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QQ-plots of different control groups.

statistically significant that our method can effectively
prioritize seed SAAPs among the top of candidate SAAPs.
B. Comparison between Control Groups
We then study the influence of the number of
polymorphism SAAPs in the control group, for the
purpose of understanding whether the proposed method is
robust to the selection of the control set. To accomplish
this, we fix the conservation feature (i.e. Feature 2) and
the distance measure (i.e. the Manhattan distance), repeat
the leave-one-out cross-validation experiment on each of
the four control groups. We then run three Wilcoxon rank
sum tests against the alternative hypothesis that mean
rank ratios obtained using control group 4 (all
polymorphism SAAPs) have a location shift over those
using other control groups. We obtain three p-values,
0.5627 for group 1, 0.9689 for group 2, and 0.9946 for
group 3, which testify that little difference is made
between these ranking lists calculated under different
control groups. To make the results more visually, we
draw three QQ-plots to compare these control groups,
shown in Figure 3. It is not surprising to obtain such
results, because control groups 1 to 3 are just random
samples from control group 4. We therefore conclude that
the random sampling procedure in generating control
groups does not bring bias into the evaluation of the
prioritization method.
C. Comparison between Similarity Measures
Complying with the guilt-by-association model, we
measure the similarity between two SAAPs in the feature
space using two distance functions: the Euclidean
distance and the Manhattan distance. Obviously, we want
to find out the more precise measure for our prediction
model. To accomplish this, we calculate the mean and
standard deviation of the mean rank ratio using for each
of the features, using either the Euclidean distance or the
Manhattan distance, and we present the results in Table II.
From this table, we can observe that the mean values of
the mean rank ratios given by the Manhattan distance
tend to be smaller in the leave-one-out cross-validation
than those give by the Euclidean distance. Meanwhile,
the standard deviation values given by the Manhattan
Copyright © 2011 MECS
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distance are comparably similar to those given by the
Euclidean distance. To further elucidate this observation,
we run six Wilcoxon rank sum tests against the
alternative hypothesis that mean rank ratios obtained
using the Euclidean distance have a positive location shift
over those using the Manhattan distance for the six
situations mentioned above, and the results are also
summarized in Table II. It is therefore clearly to see that
the Manhattan distance measure is more suitable in
measuring the similarity between two SAAPs, especially
for features 2 and 4.
D. Comparison between Conservation Features
From Figure 1 and Table II, we may conclude that
mean rank ratios under the Manhattan distance seem to be
smaller in the leave-one-out cross-validation when
Feature 2 is used. We can also see that the performance
of our model with the two conservation scores are better
than the performance of our model with the
corresponding conservation ratios, which indicates that
considering the background frequencies of amino acids
may decrease the discriminative power for uncovering the
potential relationship between disease SAAPs and the
relevant disease. To further testify these observations, we
TABLE II.
COMPARISON RESULTS BETWEEN THE TWO SIMILARITY MEASURES
Feature
1
2
1&2
3
4
3&4

Euclidean

37.37

Standard
Derivation
MRRs (%)
3.52

Manhattan

36.96

4.07

Euclidean

37.12

2.88

Manhattan

28.31

2.25

Method

Mean
MRRs (%)

Euclidean

34.78

3.10

Manhattan

31.18

2.96

Euclidean

38.26

2.78

Manhattan

40.15

3.24

Euclidean

38.61

3.03

Manhattan

29.31

2.42

Euclidean

36.21

2.52

Manhattan

34.73

2.51

p-value
0.3629
<2.2×10-16
<2.2×10-16
0.9890
<2.2×10-16
8.99×10-11
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E. Effect of Number of Seeds
For every specific disease, a prioritization model is
trained using the conservation scores drawn from known
seed SAAPs. When applying the proposed guilt-byassociation model to predict new candidate SAAPs, we
may achieve higher performance if the trained model is

more stable and we can use the conservation scores to
precisely describe the disease. In other words, the model
will achieve relative better prediction performance when
the number of seed SAAPs is large enough to collect
comprehensive and accurate information about the
conservativity of the disease, while the model will give
relative poor prediction results when the number of seed
SAAPs is too small to capture the essence of the
conservativity of corresponding disease. To validate our
postulation, we run our model on four control datasets
with three feature sets (Feature 1, Feature 2, and Features
1 & 2) separately:
1) Dataset 1 includes 177 diseases, and the number of
seed SAAPs ranges from 20 to 260;
2) Dataset 2 includes 182 diseases, and the number of
seed SAAPs ranges from 10 to 19;
3) Dataset 3 includes 168 diseases, and the number of
seed SAAPs ranges from 6 to 9;
4) Dataset 4 includes 196 diseases, and the number of
seed SAAPs ranges from 4 to 5.
The comparison results are given in Figure 4, from
which we can see that the histogram results show
different mean rank ratios distributions according to the
change of the dataset and feature. By calculating the
mean value and standard deviation of mean rank ratios
for every dataset under a certain feature set, we find little
difference for the mean value of mean rank ratios under
different datasets, however, the standard deviation of
mean rank ratios is enlarging quickly along with reduced

Frequency

first run 5 Wilcoxon rank sum tests against the alternative
hypothesis that mean rank ratios obtained using Feature 2
and the Manhattan distance have a negative location shift
over those using other features and the Manhattan
distance, and we obtain three p-values smaller than
2.2×10-16 for Feature 1, Feature 3, and Features 3 & 4;
two p-values smaller than 2.83×10-7 for Feature 4 and
Features 1 & 2. That is to say, Feature 2 is more capable
of recognizing the disease SAAPs than other features in
this prioritization problem. Similarly, we run three other
Wilcoxon rank sum tests against the alternative
hypothesis that mean rank ratios obtained using
conservation scores and the Manhattan distance have a
negative location shift over those using the corresponding
conservation ratios and the Manhattan distance, and we
can also receive three small p-values (9.28×10-15,
2.83×10-7, and 2.2×10-16) to verify our second assumption.
These results are consistent with the analysis of relative
importance of the features in the literature [25], which
points out that the conservation score for the substituted
amino acid has the most powerful discriminative ability
to identify the disease-associated SAAPs against the
neutral ones.
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The histograms result of mean rank ratios for different datasets. A,E,I: for Dataset 1. B,F,J: for Dataset 2. C,G,K: for Dataset 3. D,H,L:
for Dataset 4. A-D: Feature 1. E-H: Feature 2. I-L: Feature 1and 2.
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TABLE Ⅲ.
PREDICTION PERFORMANCES FOR DISEASE ( MIM:143890)
99 Polymorphism
nsSNPs (%)

999 Polymorphism
nsSNPs (%)

9999 Polymorphism
nsSNPs (%)

All Polymorphism
nsSNPs (%)

Feature 1

19.51 ± 2.72

19.15 ± 0.86

19.30 ± 0.10

19.26

Feature 2

45.85 ± 4.71

44.84 ± 1.13

44.82 ± 0.03

44.81

Features 1and 2

17.52 ± 2.54

18.99 ± 0.86

18.75 ± 0.09

18.71

Feature 1

13.88 ± 1.76

14.85 ± 0.68

14.79 ± 0.09

14.70

Feature 2

20.42 ± 2.01

19.37 ± 0.77

19.46 ± 0.10

19.55

Features 1and 2

13.50 ± 1.29

14.06 ± 0.46

14.19 ± 0.06

14.16

Condition

Euclidean
Mean
Rank
Ratio
Manhattan

Euclidean
AUC
score
Manhattan

Feature 1

81.04 ± 2.77

80.90 ± 0.86

80.70 ± 0.10

80.73

Feature 2

54.09 ± 4.80

55.15 ± 1.13

55.17 ± 0.03

55.19

Features 1and 2

83.11 ± 2.58

81.07 ± 0.86

81.25 ± 0.09

81.29

Feature 1

86.78 ± 1.74

85.21 ± 0.68

85.21 ± 0.09

85.22

Feature 2

80.03 ± 2.03

80.67 ± 0.78

80.54 ± 0.10

80.45

Features 1and 2

87.15 ± 1.27

86.01± 0.45

85.81 ± 0.06

85.85

amount of known seed SAAPs. On that scenario, we can
conclude that our approach becomes more sensitive to the
stability of the conservativity of the disease when there
are little available seed SAAPs. If the disease possesses
strong conservative character and can be accurately
pictured by only a few seed SAAPs, the approach may
perform outstandingly to measure the casual relationship
between new candidate SAAP and the disease; on the
contrary, if the disease does not have a stable
conservative character, it is quite difficult to use
conservation scores extracted from few seed SAAPs to
construct a well-performed prediction model. In a word,
the model may have better prediction results when there
are enough seed SAAPs (more than 5 seed SAAPs) to
capture the characters of the diseases.
F. Case studies
Making use of guilt-by-association model to formulate
the problem of prioritizing candidate SAAPs, we aim at
finding disease-related SAAPs for the query disease, and
accordingly promoting the detection of potential
functional rare variants in successive association studies.
We apply the proposed method with Feature 1and 2 and
the Manhattan distance measure for some specific
diseases, such as Familial hypercholesterolemia (FH)
[MIM: 143890], we obtain the overall MRR=14.16% and
AUC=85.85% (shown in Table Ⅲ ). According to the
ranking results, we can thus get the top five significant
disease-associated SAAPs, which are D579Y, P608S,
D221Y, D224V, and D221G. All of these SAAPs belong
to gene LDLR and rank top 140 among 13736 SAAPs
(less than 1.00%). These results are just in accordance
with some previously published research works [28-30],
which point out that FH results from defective low-

Copyright © 2011 MECS

density lipoprotein receptor (LDLR) activity, mainly due
to LDLR gene defects.
We also study some common complex diseases, such
as breast cancer (BC) [MIM: 114480]. It was found in the
middle of 1990s that genetic variants occurring in BRCA1
or BRCA2 may significantly raise the odds of developing
breast cancer [31]. In our study, the top 5 variants that are
predicted to be associated with breast cancer are T826K
in gene BRCA1, T2515I in gene BRCA2, S2072C in gene
BRCA2, H888Y in gene BRCA1, and G960D in gene
BRCA1, and they all rank top 1000 among 13736 SAAPs
(smaller than 6.74%).
ONS
Ⅳ.CONCLUSI

In this paper, we model the problem of distinguishing
disease-associated SAAPs against neutral ones for
specific types of diseases as a prioritization problem, and
we solve this problem using a guilt-by-association model.
We implement our method using two distance measures
with four control groups on the basis of four conservative
features drawn only from multiple sequence alignments.
We demonstrate that the method is effective in ranking
SAAPs that are responsible for specific diseases among
the top of candidates. We also analyze the effects of
different number of control samples, different distance
measures, different features, and different number of seed
SAAPs known to be associated with the query diseases.
Certainly, there are several limitations of the proposed
approach. First, we use the Pfam multiple sequence
alignments to extract conserved protein domains for the
query protein sequence. As a result, we are limited to the
mutations occurring in known protein domains. This
limitation can be overcome by using some other multiplesequence alignment methods, such as BLAST [32], PSIBLAST [33], COBALT [34]. Second, we currently use
I.J. Information Engineering and Electronic Business, 2011, 2, 1-10
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only the four conservation scores to construct our
prediction model. In our future studies, we will combine
some useful information such as the physicochemical
characteristics of amino acids, or the structure
information of proteins to form a more comprehensive
feature set. Finally, our approach is limited to SNPs
found in protein coding regions. However, mutations in
other genome regions such as the transcriptional-factor
binding sites, promoter regions, or introns are also known
to cause diseases. Further studies are needed for these
mutations.
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