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Many non-synonymous SNPs (nsSNPs) are associated with diseases, and numerous machine learning
methods have been applied to train classifiers for sorting disease-associated nsSNPs from neutral ones.
The continuously accumulated nsSNP data allows us to further explore better prediction approaches.
In this work, we partitioned the training data into 20 subsets according to either original or substituted
amino acid type at the nsSNP site. Using support vector machine (SVM), training classification models on
each subset resulted in an overall accuracy of 76.3% or 74.9% depending on the two different partition
criteria, while training on the whole dataset obtained an accuracy of only 72.6%. Moreover, the dataset
was also randomly divided into 20 subsets, but the corresponding accuracy was only 73.2%. Our results
demonstrated that partitioning the whole training dataset into subsets properly, i.e., according to the res-
idue type at the nsSNP site, will improve the performance of the trained classifiers significantly, which
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should be valuable in developing better tools for predicting the disease-association of nsSNPs.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Single nucleotide polymorphisms (SNPs), representing the
genomic differences of a single nucleotide between individuals,
are widely distributed on the human genome [1]. The total amount
of human SNPs is now about 40 millions according to the statistics
from NCBI SNP database (dbSNP build 135). Non-synonymous
single nucleotide polymorphism (nsSNP) is a class of SNP which oc-
curs in the coding region and leads to amino acid substitution in
the protein product, i.e., an original residue is changed to a substi-
tuted residue, and is thus called single amino acid polymorphism
(SAP) as well. Many nsSNPs play important roles in the pathogen-
esis of inherited diseases, cancers, diabetes, and cardiovascular
diseases [2-4], hence sorting out disease-associated nsSNPs from
neutral ones becomes necessary when we obtain a large set of
nsSNPs in a specific study. Since wet lab experiments for confirm-
ing nsSNPs’ disease-association one by one are expensive, slow,
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and laborious, developing computational tools to make predictions
before experiments is desirable.

The last decade has witnessed the publishing of various predic-
tion methods for this purpose, and most of them adopted machine
learning methods to train prediction classifiers [5-12]. To achieve
good performance and to improve the statistical significance, they
utilized all the training data as a single dataset. The recent accumu-
lation of nsSNPs with known disease-association has provided a
much larger training dataset than in previous studies, which has
enabled us to partition the overall heterogeneous training set into
homogeneous subsets while keeping substantial data samples left
in each one. It is supposed to be optimal to train individual classi-
fiers on each subset separately. In this study, we partitioned the
nsSNP dataset into 20 subsets based on the amino acid residue
type at the nsSNP position, either the original or the substituted
residue type. After a set of well-known attributes were extracted,
we trained support vector machine (SVM) classifiers for each
subset. We found that training classification models based on each
subset partitioned according to the original (substituted) residue
type at the nsSNP site resulted in an accuracy of 76.3% (74.9%),
while training on 20 randomly generated subsets or the whole
dataset obtained an accuracy of only 73.2% or 72.6%, demonstrat-
ing that appropriately partitioning a heterogeneous training set
into homogeneous subsets will improve the performance of the
trained classifiers significantly.
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2. Materials and methods
2.1. Data sources

The Swiss-Prot knowledgebase (version 57, included in Uniprot
database version 15.0) which contains 53,846 amino acid substitu-
tions of 11,086 human proteins served as the major data source for
implementing our methods [13,14]. To extract proper features, we
also used the data from AAlndex (http://www.genome.ad.jp/aain-
dex/) and IMGT/HLA (http://www.ebi.ac.uk/imgt/hla/, released in
April 2011) [15,16].

2.2. Feature construction

It is assumed that the changes in protein sequence, structure,
and physicochemical characteristics caused by disease-associated
nsSNPs and neutral nsSNPs are different, so the features reflecting
the sequence, structure, and physicochemical characteristics will
contain the information for differentiating the disease-associated
nsSNPs and neutral ones. Previously published studies have
already established a set of sequence and structural features with
good predictive power. In order to insure the scalability, we
adopted a set of 55 features which could be calculated or derived
from sequence information [17-19].

2.2.1. Physicochemical properties

AAlndex is a database containing various physicochemical and
biochemical properties of amino acids or residue pairs [15]. For
each type of amino acid residues, seven physicochemical proper-
ties including molecular weight, isoelectric point (pI) [20], hydro-
phobicity index [21], bulkiness [20], residue volume [22], average
volume of buried residue [23], and side chain volume [24] were
extracted from AAlndex [15]. In addition, the residue’s relative
frequencies in three secondary structural states (helix, sheet, and
turn) [25] were also retrieved from AAlndex [15]. Since one nsSNP
contains both original and substituted residue, there will be 20
features (10 for the original residue and 10 for the substituted
one) of physicochemical properties describing it in total.

2.2.2. BLOSUM and GRANTHAM scores

BLOSUMG62 matrix provides scores representing the residue
substitution probabilities in the evolutionary history of protein
families [26], and GRANTHAM scores depict the physicochemical
distances between residue pairs [27]. Since each nsSNP represents
a substitution from the original residue to the substituted one,
which corresponds to a score in BLOSUM62 and GRANTHAM ma-
trix respectively, we obtained two features here.

2.2.3. PSSM and conservation score

Using a protein sequence as the query, a PSI-BLAST run against a
protein sequence database iteratively can generate a position-
specific scoring matrix (PSSM), which contains frequencies of 20
types of amino acids at each sequence position [28]. The frequen-
cies represent the occurring probabilities of each type of residue at
a specific sequence position of the protein family in the evolution-
ary history. In addition to these 20 frequencies at the nsSNP
position, we also calculated the conservation score according to

20
Conservation = — " p; log, p;, 1)
i=1
where p; represents the occurring frequency of residue type i at the
nsSNP position in the PSSM [29]. If a position has a high conserva-
tion score, we consider that this position is a functionally important
position and its variation is prone to be disease-associated. In this
study, we ran PSI-BLAST against Swiss-Prot version 57 by setting

the e-value with 1e-5, the h-value with 0.02, and iterative rounds
with 2. By parsing the checkpoint file, we obtained each numeric
values in the PSSM. Taken together, 21 PSSM-related features were
obtained for each nsSNP.

2.2.4. NsSNPs’ microenvironment

Previous studies demonstrated the usefulness of the microenvi-
ronment of the nsSNP in this kind of prediction [12,17]. We defined
the 4 upstream and 4 downstream neighboring residues as the
nsSNP’s microenvironment, whose characteristics were also repre-
sented by the 10 physicochemical properties mentioned above.
Specifically, we calculated the average of each property regarding
the residues in the microenvironment, and we thus got 10 features
describing it. If the nsSNP is located in the 4 N-terminal (C-
terminal) amino acids of the protein, we calculated the average
of all the upstream (downstream) residues and 4 downstream
(upstream) residues. In addition, we also calculated the conserva-
tion at each residue position at the microenvironment, and then
the average was taken as a feature.

2.2.5. HLA family

As indicated in previous studies, we defined a feature to indi-
cate whether the protein where the nsSNP is located is a member
of HLA (Histocompatibility leukocyte antigen) family or not, since
HLA family may hold some special characteristics to carry mainly
neutral polymorphisms. Specifically, we ran BLAST against the
IMGT/HLA database [16,28], and we assigned a protein to belong
to HLA family if it hit a sequence in IMGT/HLA with the e-value less
than 0.01 and sequence identity greater than 70%.

2.3. Dataset partition

The training dataset contains a large number of heterogeneous
nsSNPs, whose propensities of disease-association is due to differ-
ent underlying reasons. Hence it should be optimal to partition the
dataset into more homogeneous subsets, and then to train individ-
ual classifiers for each subset. In detail, our strategy contained two
approaches, one of which was to partition the dataset into 20
subsets according to the original residue type at the nsSNP
position, and the other of which was to partition according to the
substituted residue type. For comparison, we also partitioned the
dataset into 20 subsets randomly.

2.4. SVM C(lassifiers

Support Vector Machine (SVM) is a useful and popular tool in
classification problems. It has also been widely used in building
classifiers for predicting the disease-association of nsSNPs. We
adopted the LIBSVM package (http://www.csie.ntu.edu.tw/~cjlin/
libsvm, version 2.91) to train the classifiers using the RBF (radial
basis function) kernel [30]. The parameters of C and 7y, which
should be set before training, were optimized through the grid-
search tool implemented in the LIBSVM package. The cross-
validation results with the optimized C and vy, were used to
calculate the accuracy (ACC) and Matthew’s correlation coefficient
(MCC) to evaluate the trained classifiers [31]. The formulae of these
two measurements are listed in the following:

TP + TN

ACC:TP+FP+TN+FN

x 100% 2)

McC — TP x TN — FP x FN 7 3
/(IP+ FP)(TP + EN)(IN + FP)(IN + FN)

where TP is the number of correctly predicted positive samples, TN
is the number of correctly predicted negative samples, FP is the
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Fig. 1. The overall working pipeline. The dataset partition was performed in two approaches: according to the original residue type and according to the substituted residue

type.

number of negative samples which are incorrectly predicted as
positive, and FN is the number of positive samples which are incor-
rectly predicted as negative samples. The overall pipeline of our
method is illustrated in Fig. 1.

3. Results
3.1. Dataset preparation

In the dataset derived from Swiss-Prot, each substitution
(nsSNP or SAP) was annotated as “Disease”, “Polymorphism”, or
“Unclassified”, and we used the data annotated as “Disease”
(similar to “deleterious” and means that the nsSNP is proved
experimentally to affect the protein’s function or be associated
with disease) and “Polymorphism” (similar to “neutral” or “toler-
ated” and means that the nsSNP is not reported to be associated
with disease) as positive and negative samples, respectively. Final-
ly we collected 20915 disease-associated and 28326 neutral
nsSNPs from 10476 proteins. In order to extract features of each

nsSNP, the amino acid sequences of these proteins were also
retrieved from the Swiss-Prot knowledgebase. For each nsSNP,
we extracted 55 features including residue physicochemical prop-
erties, conservation score both at the nsSNP site and its microenvi-
ronment, PSSM profiles at the nsSNP site, substitution scores
between original and substituted residue, etc. The details were
described in the Section 2.

3.2. Performance of classifiers with dataset partition

As described, we partitioned the dataset into 20 subsets accord-
ing to the original residue type at the nsSNP site. For each subset
we utilized the grid-search tool of LIBSVM package to find optimal
parameters of C and 7y, which generated highest 5-fold cross-
validation accuracy among all the combinations of C and 7y that
were tried by default. At the same time, we obtained the TP, TN,
FP, and FN counts for each subset’s classifier with its optimal C
and 7. After summing up the corresponding counts of TP, TN, FP,
and FN from the 20 classifiers, we calculated the overall ACC and
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Table 1

Performance of different dataset partition approaches.
Partition methods?® ACC (%) MCC
Original 76.3 0.509
Substituted 74.9 0.479
Random 73.2 0.444
Whole dataset 72.6 0.431

2 Original and substituted mean that partitioning the dataset according to the
original and substituted residue type respectively; random means that partitioning
the dataset randomly; whole dataset means no partition.

MCC. The same procedure was applied to the 20 subsets into which
the dataset was divided according to the type of the substituted
residue at the nsSNP site, and we thus obtained another set of
ACC and MCC. As a control, we also applied this procedure to the
20 randomly partitioned subsets. Moreover, training on the whole
dataset without partitioning was adopted for additional
comparison.

The cross-validation accuracies based on different approaches
are listed in Table 1 and detailed results are provided in the online
Supplementary file. We will only discuss ACC measurements here,
since the similar trend occurred when MCC measurements were
considered. First, the ACC difference between training on the
randomly partitioned subsets and training on the whole dataset
is only 0.6 percent (73.2% vs. 72.6%), which means that randomly
partitioning of the dataset will result in accuracy similar to that
of training on the whole dataset. This is reasonable since these
subsets can be considered to be randomly sampled from the
population, and thus represent the population in many aspects.
However, the ACCs of training on subsets partitioned according to
the original and substituted residue type at the nsSNP site are
76.3% and 74.9% respectively, which are 3.7 and 2.3 percents
higher than that of training on the whole dataset separately, i.e.,
both of these two partition methods outperformed the approach
without partition apparently. These outcomes demonstrated that
training on subsets partitioned appropriately but not randomly
would lead to higher accuracy than that on the whole dataset. This
ought to be due to that these two partition approaches generated
more homogeneous subsets than taking all the data as a whole
set, and hence improved the classifiers’ performance. In addition,
the ACC of training on subsets based on original residue type at
the nsSNP site is 1.4 percents higher than that of training on
subsets based on substituted residue type, indicating that the
former is even more optimal than the later.

Taken together, the two dataset partition approaches presented
here resulted in classifiers better than training on the whole data-
set. This was because they were able to generate more homoge-
neous subsets than random partition. After partitioning properly,
we actually grouped homogeneous data samples into the same
group, which was favored in the training of SVM classifiers since
there was less noise or random errors within the subsets than in
the whole dataset. Moreover, since classifiers based on dataset
partition according to original residue type gave rise to better
performance than partition according to substituted residue type,
it seemed that the former partition strategy was able to generate
more homogeneous subsets than the latter, although it was hard
to interpret its biological basis currently. Our findings here demon-
strated that partitioning the nsSNP training dataset into homoge-
neous subsets according to the amino acid type at the nsSNP can
improve the prediction of disease-associated nsSNPs.

4. Discussion

The continuously accumulated SNP data generated in the next
generation sequencing projects require prediction and proper

interpretation for their functional impacts and disease-association.
Previous studies mainly focused on searching informative predic-
tion features to build classifiers. In this work, we attempted a
new strategy for improving current machine learning-based
approaches, ie., properly partitioning the training dataset into
subsets that were supposed to be more homogeneous than the
whole dataset.

In order to train a good and stable classifier, two important as-
pects of the training set should be concerned: homogeneous sam-
ples for insuring high signal-to-noise ratio and adequate samples
for avoiding over-fitting. Many previous studies didn’t partition
the training set into subsets probably due to that the number of
training samples at that time were not enough for partition while
keeping each subset with considerable sample size, so they had to
treat all the data as a whole to guarantee adequate samples. The
recent accumulation of nsSNP data with known functional annota-
tion made the partition strategy feasible. The criteria adopted here
partitioned the overall heterogeneous dataset into homogeneous
subsets with considerable number of data samples. The improved
classification accuracies demonstrated its superiority.

Jiang and colleagues’ work has already described the method of
data partition according to the original amino acid type at the
nsSNP site actually, but hasn’t evaluated its advantage and ratio-
nality [17]. In this work, we systematically compared this partition
strategy with both random partition and the whole dataset with-
out partition, and found that it did improve the classifiers’ perfor-
mance. We also tried the partition according to the substituted
residue type at the nsSNP site, and found that it outperformed
the random partition as well. Our results demonstrated that parti-
tion the training set appropriately, e.g., the criteria adopted here,
could improve the performance of the classifiers, and thus ascer-
tained the advantage and rationality of dataset partition.

We can expect that further accumulation of the data in the fu-
ture will enable us to partition the inflated training data into 380
subsets according to all the substitution types. There may exist
more rational partition strategies which are worth exploring fur-
ther. Moreover, this strategy adopted here can also be extended
to other machine learning-based prediction models.
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