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ABSTRACT 

Identifying disease genes from human genome is a critical task in biomedical research. Important biological features 
to distinguish the disease genes from the non-disease genes have been mainly selected based on traditional feature 
selection approaches. However, the traditional feature selection approaches unnecessarily consider many unimportant 
biological features. As a result, although some of the existing classification techniques have been applied to disease 
gene identification, the prediction performance was not satisfactory. A small set of the most important biological fea-
tures can enhance the accuracy of disease gene identification, as well as provide potentially useful knowledge for bi-
ologists or clinicians, who can further investigate the selected biological features as well as the potential disease 
genes. In this paper, we propose a new stepwise random forests (SRF) approach for biological feature selection and 
disease gene identification. The SRF approach consists of two stages. In the first stage, only important biological fea-
tures are iteratively selected in a forward selection manner based on one-dimensional random forest regression, where 
the updated residual vector is considered as the current response vector. We can then determine a small set of impor-
tant biological features. In the second stage, random forests classification with regard to the selected biological fea-
tures is applied to identify disease genes. Our extensive experiments show that the proposed SRF approach outper-
forms the existing feature selection and classification techniques in terms of biological feature selection and disease 
gene identification. 
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1.  INTRODUCTION 

Identifying phenotype-genotype association from 
human genome is a critical and fundamental objective in 
biomedical research (Botstein and Risch, 2013). However, 
an experimental study and validation of phenotype-
genotype association are extremely labor intensive, time 
consuming and costly. Thus, designing cost-effective 
computational techniques is very useful for prioritizing 
and identifying candidate disease-causative genes to ben-

efit human beings. While the increased number of genes 
has been confirmed to be causative to certain diseases 
(McKusick, 2007), it still remains a daunting challenge to 
identify new disease genes for particular diseases because 
of the limited number of phenotype-gene associations 
(thus less known disease genes for each individual dis-
ease), the inaccuracy of biological similarities between 
the compared genes, the incompleteness of the biological 
information, genetic heterogeneity of disease and other 
complications (Giallourakis et al., 2005). 
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In recent years, computational methods have been 
applied to discover new disease genes, based on the as-
sumption that a particular disease is caused by the genes 
with similar functions or certain biological linkages. A 
common strategy of these computational methods is to 
evaluate the similarities of candidate (unknown) genes to 
known disease-causative genes in terms of biological 
information such as gene expression profiles (Qiu et al., 
2010), protein sequence information (Aerts et al., 2006), 
protein-protein interaction networks (PPI) and network 
topology (Köhler et al., 2008), etc. Candidate genes that 
share high similarities with the confirmed disease genes 
are considered as the putative disease genes that can be 
experimentally validated by biologists or clinicians. Other 
recent studies have also revealed that similar diseas-
es/phenotypes are likely to be caused by functional re-
lated genes (Oti and Brunner, 2007; Ideker and Sharan, 
2008). Also, genes associated with similar disorders have 
been demonstrated to have physical interactions between 
their gene products, i.e. proteins (Ideker and Sharan, 2008; 
Goh et al., 2007). They also showed that individual genes 
associated with particular or similar phenotypes are likely 
to reside in the same biological functional modules and 
protein complexes, as molecular machines that integrate 
and coordinate multiple gene products to perform biolog-
ical functions (Goh et al., 2007; Brunner and Van, 2004; 
Yang et al., 2011). The observations of genetic modular 
organization of human diseases suggest that the common 
biological characteristics are associated with the disease-
causative genes of particular disease phenotypes. 

A number of classification methods have been pro-
posed to discover a disease gene related to biological fea-
tures using different types of biological data. Xu and Li 
(2006) proposed the K-nearest neighbor (KNN) classifier 
to identify disease genes via generating topological fea-
tures of genetic products in PPI networks, such as pro-
teins degree and the percentage of disease genes in pro-
teins neighborhood, etc. Adie et al. (2005) extracted evo-
lutionary features from genomic sequence, such as evolu-
tionary conservation, presence, coding sequence length, 
and closeness of paralogs in the human genome, to identi-
fy disease related genes by developing a decision tree 
algorithm. Radivojac et al. (2008) built individual support 
vector machines (SVM) classifiers using each one of 
three biological data sets, namely PPI networks, protein 
sequence and protein functional information, and then 
made consensus predictions based on the results from the 
three individual classifiers. A recent work has applied a 
positive-unlabeled learning for disease gene identification 
(PUDI), which treats unknown genes as an unlabeled set 
U, instead of a negative set N Yang et al. (2012). The 
PUDI partitioned the negative set into multiple levels 
based on their likelihoods to be positives on genes affinity 
networks. Finally, the PUDI used the multi-level weighted 
SVM with different penalty values on the multi-level 

sample set. In its feature representation, the PUDI em-
ployed diverse biological features, including protein do-
mains (D), three sub-ontologies of gene ontologies, i.e. 
biological processes (BP), molecular functions (MF) and 
cellular components (CC), as well as the topological fea-
tures for the genes in PPI (Yang et al., 2012).  

These existing classification methods focused on in-
tegrating diverse biological data sources to get more accu-
rate classification models. However, they did not focus on 
how to select a small subset of useful features from these 
diverse sources to reduce the problem dimensionality and 
to remove noise. We can enhance disease gene identifica-
tion by considering important features only in the classifi-
cation methods. In addition, those selected features are 
very important, since they can provide the novel biologi-
cal knowledge and insights for biologists to further inves-
tigate how they are related to the disease phenotypes. 
Clearly, there are some standard feature selection tech-
niques (Blum and Langley, 1997; Kohavi and John, 1997; 
Guyon and Elisseeff, 2003) and classification techniques 
which can automatically select important features from a 
large amount of input features. For example, some simple 
and well-known filter-based feature selection methods 
select features based on the relationship between two ran-
dom variables. These methods include information gain 
Mitchell (1997), gain ratio Mitchell (1997) , Chi-square 
statistic ( 2χ  test) Greenwood and Nikulin (1996), corre-
lation feature selection (CFS) Hall (1991) and relief Ken-
ji and Rendell (1991). On the other hand, there are some 
wrapper classification approaches that automatically se-
lect an optimal feature subset tailored to a particular clas-
sification algorithm, e.g., the original SVM (Hastie, 2001). 
For example, the 1-norm SVM impose the 1-norm penal-
ty function, instead of the 2-norm penalty function, in the 
objective function, leading to a sparse SVM (Zhu et al., 
2004). Alternatively, Zhang et al. (2006) proposed the 
smoothly clipped absolute deviation (SCAD) SVM which 
minimizes the penalized hinge loss function with the non-
concave SCAD penalty (Zhang et al., 2006). Liu and Wu 
(2007) proposed an approach using a combination of 0-
norm and 1-norm penalties (Liu and Wu, 2007). Moreo-
ver, Zou (2007) considered the adaptive 1-norm penalty 
for feature selection (Zou, 2007). Fan and Lv (2007) pro-
posed the sure independence screening (SIS) using simple 
linear regression, where the original features are standar-
dized (Fan and Lv, 2008). However, the feature selection 
approaches and the wrapper classification approaches 
unnecessarily considered many unimportant biological 
features. 

There is previous research leveraging random forests 
(RF) for feature selection. Jiang et al. (2009) proposed the 
SWSFS algorithm selecting several important features 
based on the gini importance index obtained from the 
random forest classification (Jiang et al., 2009). Botta et 
al. (2014) proposed in their work an extension of the ran-
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dom forests algorithm tailored for structured GWAS data 
based on the variable importance (Botta et al., 2004). 
Wang et al. (2016) explored the performance of random 
forests based on a feature screening procedure to emphas-
ize the SNPs that have complex effects for a continuous 
phenotype (Wang et al., 2016). In this paper, we propose 
a new stepwise random forests (SRF) approach which 
consists of two stages: a forward feature selection based 
on random forests regression and random forests classifi-
cation with the selected features. Roughly speaking, the 
SRF approach is a combination of the forward selection 
with random forest regression and random forest classifi-
cation. Note that the forward selection with random forest 
regression is adopted for the SRF approach. The proposed 
SRF approach has several advantages over the existing 
filter- and wrapper-based techniques. While the existing 
techniques simultaneously select important features asso-
ciated with a disease, the SRF approach selects features 
sequentially, in a forward selection fashion, making our 
algorithm more efficient. Particularly, in the first stage, 
we use simple random forests regression, which enables 
us to select a feature iteratively and to reduce the resi-
duals in the previous step. The reduced residuals represent 
the portion unexplained by the multiple random forests 
regression model, where more features can be added to 
reduce the residuals to lead to a better multiple random 
forests regression model. As a result, a feature highly cor-
related with the newly added feature at current iteration 
may not be added to the multiple random forest regres-
sion model at next iteration. On the other hand, since the 
existing filter-based feature selection methods only con-
sider correlations between the original response vector 
and all the features at one time, the highly correlated fea-
tures can be simultaneously selected for the predictive 
models. However, the correlated features are redundant 
and ineffective in explaining the response vector. Moreo-
ver, the RF adopted in the SRF can not only capture a 
linear pattern as well as a non-linear pattern between fea-
tures and diseases, but also provide the test set error rates 
monotonically decreasing (Breiman, 2001). Therefore, 
our SRF approach is expected to select effective features 
which can result in better prediction performance than the 
existing approaches. 

Our extensive experiments show that the proposed 
algorithm outperforms the existing feature selection and 
classification approaches significantly. As a result, we can 
not only identify and prioritize useful features associated 
with specific diseases appropriately but also improve the 
performance of disease gene identification. For the phe-
notype-genotype data analysis, we consider the various 
diseases despite that the real data sets for the phenotype-
genotype association from human genome are quite li-
mited. Moreover, since we randomly sample the unla-
beled data 5 times and perform 3 fold cross validation for 
each disease, we assume that many real examples are 

considered. The downside of the SRF is its computation 
time because random forest regression takes a lot of time. 
Regarding the computational complexity of the SRF, we 
mainly need to consider two parts. First, the overall com-
putational complexity of random forests is O(ntree⋅mtry⋅ 
(n) log(n)), where ntree represents the number of trees, 
mtry is the number of features considered at each node 
and n is the number of samples. Second, O(p) calculations 
are significantly needed in the one-dimensional regression 
step of the SRP, where p is the number of features. O(p) 
calculations in the one-dimensional regression step of the 
SRP also increases as the number of features increases. 

2. EXISTING METHODS 

We first describe the various gene features that are 
used in this research and preliminary work. Next, we in-
troduce some state-of-the-art feature selection and classi-
fication methods. 

2.1 Gene Features and Preliminary Work  

To generate comprehensive biological features to 
represent the characteristics of genes, we leverage the 
following biological evidences, namely, protein domains, 
gene ontology and human protein interactions. Next, we 
conduct phenotype-gene association and preliminary fea-
ture selection. 

 
2.1.1 Protein Domain Features  

A protein domain is an evolutionary conserved part 
of a protein sequence or tertiary structure that can func-
tion and evolve independently with the rest of the protein 
chain. Protein domains often form functional units that 
participate in transcriptional activities, etc. Protein do-
mains (D) (http://www.sanger.ac.uk/Software/Pfam) can 
be downloaded from the Pfam domain database that com-
prises comprehensive domain information about various 
proteins (Brown and, Jurisica, 2015). To ensure feature 
accuracy and avoid the noise information in our study, we 
only select Pfam-A, which is a collection of manually 
curated and functionally assigned domains and is thus 
more reliable and accurate. Define the Pfam-A domain set 
as {D1, …, Dj, …, D|Pfam-A|}, where Dj is a protein domain 
feature. Note that |Pfam-A| represents the number of the 
Pfam-A terms. Given a gene gi, its domain representa-
tion will be denoted as a binary feature vector D(gi) = (di1, 
…, dij, …, di|Pfam-A|), where dij (1≤ i ≤n, 1≤ j ≤|Pfam-A|) is 
equal to 1 if protein sequence of gi contains the domain j; 
0 otherwise. 

 
2.1.2 Gene Ontology Features 

Gene ontology (GO, http://www.geneontology.org/) 
database is a very useful source to annotate genes and 
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their corresponding gene products, where three sub-
ontologies, namely biological processes (BP) (a series of 
molecular events with defined beginning and end, e.g., 
cell division), molecular functions (MF) (biological reac-
tions or activities of a gene product at the molecular level, 
e.g., monooxygenase activity) and cellular components 
(CC) (a part of a cell or its extracellular environment in 
which a gene product is located, e.g., inner membrane) 
are provided (Gene Ontology Consortium, 2004).  

For a gene gi , its MF GO vector, using its molecular 
functions annotations from GO, can be represented as 
MF( gi ) = (mfi1, , mfij, , mfi|MF|), where mfij denotes 
GO term similarity between gi’s MF annotations and the 
GO feature MFj. Likewise, we can define a BP GO vector 
as BP( gi ) = (bpi1, , bpij, , bpi|BP|) and a CC GO 
vector as CC( gi ) = (cci1, , ccij, , cci|CC|) respec-
tively, based on BP and CC where bpij and ccij respective-
ly denote GO term similarity in terms of BP and CC. 
Note that |MF| represents the number of the GO terms 
under molecular functions (MF) (|BP|and |CC| are the 
number of GO terms in terms of BP and CC respectively). 
To compute the GO term similarity between two GO 
terms, we employ a computational method introduced in 
(Wang et al., 2007) which takes the GO’s DAG (Directed 
Acyclic Graph) structure into consideration. 

 
2.1.3 PPI Networks Features 

PPI networks are denoted as GPPI  = (VPPI, EPPI) 
where VPPI represents the set of vertices (gene protein 
products) and EPPI denotes all edges (detected pairwise 
interactions between proteins). The PPI networks used in 
the paper contain 143,939 PPIs among a total of 13,035 
human proteins, which are downloaded from human pro-
tein reference database (HPRD) (Prasad et al., 2009) and 
online predicted human interaction database (OPHID) 
(Finn et al., 2010). Following Xu and Li’s approaches, we 
build four topological features for a gene gi, PPI(gi) = 
(degreei, 1Ni, 2Ni, Clusteri) for the genes in the PPI net-
works, which respectively represent node degrees of 
genes, the percentage of disease genes in their 1 hop 
neighborhood (1N-index), the percentage of disease genes 
in their 2 hop neighborhood of genes (2N-index) and the 
clustering coefficient of genes (Xu and Li, 2006), which 
measures the degree to which nodes in a graph tend to 
cluster together. 

 
2.1.4 Phenotype-Gene Association  

4,260 phenotype-gene association data, spanning 
2,659 known disease genes and 3200 disease pheno-
types, are obtained from the latest version of OMIM 
(http://omim.org/) (McKusick, 2007). 3,200 disease phe-
notypes in the OMIM database are categorized into 22 
disease phenotype classes based on the physiological sys-
tem (Goh et al., 2007). For example, the endocrine dis-
ease phenotype class comprises 62 OMIM phenotypes, 

including OMIM 241,850 (Bamforth-Lazarus syndrome) 
and OMIM 304,800 (Diabetes insipidus, nephrogenic). 
Given a disease phenotype class, genes associated with 
any phenotypes in the class are treated as a disease gene 
set P, while the remaining genes are treated as a non-
disease gene set N, which can be used to perform feature 
selection as well as to build a binary classification model. 

 
2.1.5 Preliminary Feature Selection  

Each gene is represented by the biological data cate-
gories, D, BP, MF, CC, and PPI and labeled as a disease 
gene or a non-disease gene with respective to one disease 
phenotype class. Then a feature selection strategy is pro-
posed to prioritize the features from the numerous feature 
set. Because our objective is to prioritize biological fea-
tures that uniquely identify the given disease phenotype 
classes, selected features are frequently shared by the 
disease-related genes in P but seldom occur in the non-
disease gene set N (Yang et al., 2012). The feature selec-
tion score is computed as follows: 

   

( )  
  

|P| |N|FS(f) F(f, P) F(f, N) log
F(f, P) F(f, N)

⎛ ⎞
= + × +⎜ ⎟

⎝ ⎠
,  (1) 

  
where F(f, P) is affinity frequency of a feature f in P. 

When we want to select important features only from the 
MF feature set, {MF1, , MFj, , MF|MF|}, for example, 
given the GO feature MFj and a gene gi, its affinity fre 
quency in P is formatted as F(MFj, P) =

i
ijg P

m f
∈∑ where  

a gene set G = {g1, , gi, , g|G|} and the MF GO vec-
tor MF( gi ) = (mfi1, , mfij, , mfi|MF|) are considered. 
Note that |P| is the number of the P terms and |N| is the 
number of the N terms. 

2.2 Existing Feature Selection and Classification 
Methods 

We consider well-known feature selection methods, 
such as information gain (Mitchell, 1997), gain ratio 
(Mitchell, 1997), Chi-square statistic ( 2χ test) Green-
wood and Nikulin (1996) and Relief (Kenji and Rendell, 
1992). The feature selection methods belong to filter-
based approaches that simultaneously select features. In 
general, they are based on the correlation measures be-
tween the features to be selected and the response to be 
predicted. For binary classification problems in data min-
ing and machine learning research, feature selection me-
thods are firstly employed to select a set of important 
features. Next, we can apply a classification algorithm to 
the selected feature subset. After selecting features based 
on the well-known feature selection methods, we apply 
the selected features to the random forests classification 
in this paper. 
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2.2.1 The 1-norm SVM and SCAD SVM 
Unlike the well-known feature selection methods, 

there are some wrapper-based classification approaches 
which aim to automatically find an optimal feature subset. 
Note that the SVM variants make the regression coeffi-
cients of unimportant features as exactly zeros. As such, 
we can identify important features whose coefficients are 
not zeros. Specifically, the 1-norm SVM can be solved by 
linear programming represented as follows (Zhu et al., 
2004). 
    

0 1 1, , , , ,
1

1min
2

n
T

i
i

β
γ

…
=

+ ∑β s
e s

ε ε
ε  

 
subject to ( )0 1 ,T

i i i iY β+ ≥ − ∀X β ε  

 ,− ≤ ≤s β s  
 0, 0,i i≥ ≥ ∀s ε  

 
where 0, 1, … ,1 ∈  , , … , ∈   (2) 

 
For the SCAD SVM, Zhang et al. (2006) improved 

the 1-norm penalty function of the 1-norm SVM by con-
sidering a steep penalty for large coefficients (Zhang et al., 
2006). Particularly, they considered a constant penalty for 
large coefficients as well as the 1-norm penalty function 
for small coefficients. Then, the SCAD SVM can be 
solved by the successive quadratic algorithm, which can 
be described as follows: 

 

0, 01 1
min 1 ( ) ( )n pT

i i ji j
Y pβ β λβ β

= =+
⎡ ⎤− + +⎣ ⎦∑ ∑X β , 

where ( )  ,j jpλ β λ β= if  ,jβ λ≤  

 ( )
2 22

 ,
2( 1)

j j
j

a
p

aλ

β λ β λ
β

− − +
=

−
if  j aλ β λ< ≤  

 ( )
2( 1) ,

2j
apλ

λβ +
= if ,j aβ λ>  

 2,a λ> >   (3) 
 

2.2.2 Sure independence Screening (SIS) 
Fan and Lv (2007) introduced a property that all the 

important variables survive after applying a variable 
screening with probability tending to one. In the sure 
screening method using simple linear regression, the 
original features are standardized. Let T

1( , ,pβ β= …β  
be a p-vector obtained by the simple linear regression. For 
any given  (0,1)δ ∈ , we sort the p magnitudes of the vec-
tor β in a decreasing order and choose a model 

 
{1 i p :  iβ≤ ≤  is among the first nδ  largest of all} (4) 

  
where nδ  is the integer part of nδ and n repre-

sents the number of observations. This shrinkage ap-

proach is called sure independence screening (SIS) (Fan 
and Lv, 2008). 

3. STEPWISE RANDOM FORESTS  

Given a large number of features, it will be extreme-
ly time-consuming or impossible to directly find an op-
timal subset of features which can perform the best classi-
fication fit. This involves a NP-hard optimization problem 
that can only be approximated by heuristic search for a 
“good” feature subset. Our proposed method aims to ite-
ratively select features one by one in a forward selection 
manner and thus is more efficient. Overall, the SRF ap-
proach consists of the two stages: 1) SRF feature selec-
tion to choose a subset of effective biological features 
based on random forests regression, and 2) disease gene 
identification by building a random forests classification 
model considering all the features selected in Stage 1. For 
stage 1, we build two different types of regression models 
in each iteration: 1) a one-dimensional random forests 
regression model to find a single best feature to account 
for the unexplained portion or residual, and 2) a random 
forests regression model to evaluate the feature subset, i.e. 
the newly selected best feature, as well as those features 
already selected from the previous steps to best enhance 
the regression model performance. We present the de-
tailed SRF algorithm as follows. 

 
Stage 1: SRF feature selection 

Without loss generality, given n genes {g1, , gi, 
, gn} and p biological features (f1, , fj, , fp), we 

define a regression model ( ),f=Y X  where the re-
sponse 1 1( , , , , )T

ny y y=Y  is a vector of disease gene 
responses, i.e. 1y =i  if gi is a disease gene, 1y = −i  otherwise.  
The  predictors 1 1( , , , , ) ( , )j p j pf f f= =X X X X

( )( ) , ( 1, , , 1, , )ijx i n j p= = = 
 

is a n p×  matrix with n  

rows representing the given n genes and p col-
umns denoting the p biological features. In, X each 
feature can be represented as a column vector, i.e.

1( , , , , )T
j ij njx x x=jX  For instance, when D=X , the 

j-th protein domain feature jf D= ∈jX  can be considered 
as one column in X , where 1ijx =  represents that the i-
th gene gi contains the j-th protein domain feature jf . Oth-
erwise 0ijx = . We define 1( , , , , )T

m im nmr r r=mR as the 
updated continuous residual vector at the m-th iteration. 
Figure 1 illustrates the detailed SRF feature selection pro-
cedure in Stage 1. As shown in the initialize step of Fig-
ure 1, after we initialize the iteration variable m as 1, the 
initial residual vector mR as Y , the selected feature set 

mFS as the empty set, and the remaining feature set mX
as X , we build a one-dimensional random forests regres-
sion model for each of the remaining features. In the one-
dimensional regression step of Figure 1, one-dimensional 
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random forests regression is implemented. In the selection 
step of Figure 1, we aim to select a most effective feature 

*
mj

X from the remaining features in mX . We then choose 
a feature which minimizes the sum of the squares of the 
residuals 

1
2ˆ[ ( )] }{ im j ij

n

i
r f x

=∑ . In the feature  
set step of Figure 1, the remaining biological features at 
the m-th iteration are denoted by 1

m
mS −= −X X  where 

the selected feature set * * *
1 2 1

1 { , , },
m

m j j j
FS X X X

−
− =  are 

excluded from X . We remove the selected feature *
mj

X  
from mX , which will not be considered again in the one 
dimensional regression step of the next iteration. Reverse-
ly, we add the selected feature *

mj
X into the selected fea-

ture set mFS . The multiple regression step of Figure 1 
builds a random forests regression model using all the 
features selected until the current iteration. The updated 
multiple random forests regression model is denoted by  

( )* * *
1 2
, , ,

mj j j
f=mR X X X where features * * *

1 2
, ,

mj j j
X X X   

are selected until the m-th iteration. The residual step of 
Figure 1 obtains the residual vector 1+mR  by subtracting 
the residual vector ˆ

mR  estimated by the random forests 
regression model from the current residual vector mR . 
The newly updated 1+mR  represents the remaining unex-
plained portion (as response) after we add the newly se-
lected feature. When we iteratively perform the algorithm, 
we expect that the unexplained portion will become 
smaller because we can build a better random forests re-
gression model than the random forests regression model 
built in the previous iteration by adding the newly se-
lected feature to mFS . Finally, in the stopping step of Fig-
ure 1, the iteration stops if the difference between the old 
residual vector and the new residual vector is small 
enough which implies that no more features need to be 
added to the multiple random forests regression model. 
Note that the shrinkage parameter ε  plays a role in de-
termining how many features are selected for Stage 2. 
Too many selected features may lead to overfitting and 
introduce more noise signals, whereas only a few selected 
features may lead to underfitting and are thus not good 
enough for classification. Therefore, the shrinkage para-
meter ε can be decided by cross-validation experiments. 
Additionally, Figure 1 also illustrates the related data sets 
for the SRF steps. The arrows in Figure 1 represent inputs 
and outputs for the SRF steps. First, the residual vector 
and remaining feature set are flowed into one-dimensional 
regression step. After the selection step, the remaining 
feature set and selected feature set are updated consider-
ing the selected feature. The selected feature set and resi-
dual vector are considered at the multiple regression step. 
At the residual step, the residual vector is updated. If the 
stopping conditions are satisfied, the SRF algorithm stops. 
Otherwise, the iteration variable is updated. 

 
Stage 2: disease gene identification 

After we select a subset of features FSm+1 in Stage 1, 
we consider the random forests classification with all the 

 
Figure 1. SRF feature selection in Stage 1. 

 
1. Initialize step: 

The iteration variable  m = 1; 
Residual vector ;  
Selected feature set FS1 = ∅; 
Remaining feature set  ; 

2. One-dimensional regression step: Adopt one-
dimensional random forests regression  : 

 for each feature ∈ ; 
3. Selection step: Select ∗  as the most effec-

tive feature at the m-th iteration, where ∗ arg   min ∑ ; 
4. Feature set step: ∗ , FSm+1 = 

FSm ∪ ∗ ; 
5. Multiple regression step: Estimate a multiple ran-

dom forests regression model  ∗, ∗, … , ∗  where both previously se-
lected features ∗, ∗, … , ∗  and the newly 
selected feature ∗  are applied for model build-
ing; 

6. Residual step: Update the residual vector (repre-
senting the unexplained portion) with the differ-
ence between the current residual and predicted 
residual, i.e. ; 

7. Stopping step:  
 If |  ‖ ‖ ‖ ‖  | ,  
Then  
   output FS m+1; 
   Algorithm STOP.  
Else m++;  

Goto 2. One-dimensional regression step.  
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selected features included in FSm+1 in Stage 2. Random 
forests are a collection of decision trees based on a re-
sampling technique (Breiman, 2001). A bootstrap sample 
for a tree is randomly drawn from the training data. The 
tree then casts equally one vote for predicting the final 
response or class. The Law of Large Numbers ensures the 
convergence (Breiman, 2001). As the number of trees 
increases, the test set error rates are monotonically de-
creasing and converge to a limit, without leading to over-
fitting. The key to accuracy for RF is low correlation and 
bias. To keep bias low, trees are grown to maximum depth. 
To remove correlations between trees, each node in the 
tree randomly selects several features from all the availa-
ble features in 1mFS + . Growing a tree can be achieved by a 
traditional decision tree algorithm such as the classifica-
tion and regression tree (CART) (Breiman et al., 1999).  

Since most of the unnecessary features are not con-
sidered in the classification model, we expect better clas-
sification performance. Clearly, we perform classification, 
instead of regression, as our objective is to classify all the 
genes into the disease gene class and non-disease gene 
class. Since we build a classification model, the response 
vector 1( , , )ny y= … TY is converted into a vector of two 
categorical (instead of continuous) factors. Finally, two 
parameters, namely class weights and cutoff values, can 
be tuned in order to get the best performance of the ran-
dom forests classification model. We perform a grid 
search in order to find the optimal combination for mini-
mizing the test errors. In the R package, the cutoff values 
are tested from 0 to 1 with step 0.05, while the class 
weights are tested from 1 to 2 with step 0.2. The parame-
ter setting depends on the data sets. For each disease in 
Table 3, we built 15 classification models, where different 
parameter settings were applied. Generally speaking, for 
the R package, the cutoff values were mainly chosen 
among (0.5, 0.5), (0.55, 0.45), (0.6, 0.4), (0.45, 0.55), and 
(0.4, 0.6). The class weights were mainly chosen among 
(1.0, 1.0), (1.2, 1.0), (1.4, 1.0), (1.6, 1.0), (1.8, 1.0), (2.0, 
1.0), (1.0, 1.2), (1,0, 1.4), (1.0, 1.6), (1.0, 1.8), and (1.0, 2.0). 

4. RESULTS AND DISCUSSION 

We conduct comprehensive experiments to compare 
our proposed SRF procedure with the existing state-of-
the-art techniques. We first introduce our experimental 
data, settings and evaluation metrics. Then, we present the 
experimental results. 

4.1 Experimental Data, Settings, and Evaluation 
Metrics 

The data formats for phenotype-genotype association 
from human genome are different from SNPs or microar-
rays, where n represents the number of subjects and p 

represents the number of genes. On the other hand, in this 
paper, n represents the number of genes, whereas p 
represents the number of the biological features because 
we consider phenotype-genotype association from human 
genome. The experimental data include the 3 GO ontolo-
gies, protein domains, and protein interaction data. After 
collecting each gene’s experimental data, for each specific 
disease, we employ the preliminary feature selection ap-
proach Yang et al. (2012) to perform a preprocessing step 
to get a total of 4,004 (p) raw features. In detail, the first 
3,000 features are evenly from BP, MF, and CC, the next 
1,000 features are from D and the last 4 features corres-
ponded to the topological properties of genes in PPI. Also, 
the number of genes (n) for training data is 230. To com-
prehensively evaluate various feature selection techniques, 
we include six disease classes, namely cardiovascular 
diseases, endocrine diseases, neurological diseases, meta-
bolic diseases, ophthalmological diseases and cancer dis-
eases, which were also used in the recent research papers 
(Yang et al., 2012; Yang et al., 2014). Given a disease 
gene class, disease genes confirmed from OMIM (McKu-
sick, 2007) are treated as a disease gene set P, while we 
randomly sample non-disease genes from Ensembl (Fli-
cek et al., 2011), as a non-disease gene set N (for 5 times), 
where the number of the sampled non-disease genes is 
equal to the number of the disease genes for a specific 
disease. Disease gene prediction can thus be modeled as a 
binary classification problem to distinguish the disease 
genes from the non-disease genes. Basically, the dataset 
are high-dimensional, where the number of the observa-
tions is 230 and the number of the biological features is 
4,004. The protein domain features are comprised of ze-
ros and ones. However, the number of the ones is very 
small so that the protein domain features are not selected 
by the SRF. The remaining domain features range be-
tween 0 and 1. We consider zeros for the missing values. 

To perform more comprehensive fair evaluations, we 
compare two categories of existing techniques with the 
SRF. The first category of the techniques includes stan-
dard filter-based feature selection methods, followed by 
the random forests classification considering the selected 
features. These feature selection methods include info 
gain, gain ratio, Chi-square statistic and relief. The second 
category of the techniques, on the other hand, focuses on 
the wrapper classification techniques. These wrapper 
classification methods include the original random forests 
classification, the 1-norm SVM, the SCAD SVM, Smal-
ter’s method (Smalter et al., 2007) which employed the 
original SVM, Xu and Li’s method which employed the 
KNN classifier (Xu and Li, 2006), the multi-class SVM-
based PUDI method which applied the positive unlabeled 
learning techniques, Fan and Lv’s SIS and the gradient 
boosting trees (Hastie et al., 2001).  

Note that the parameters of the SVM, KNN, 1-norm 
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SVM, SCAD SVM, the random forests classification, the 
SIS and the gradient boosting trees are tuned for minimiz-
ing the classification test errors (Hastie et al., 2001) 
where R packages are used to implement them. The PU-
DI’s executable codes are available at http:/www1.i2r.a-
star.edu.sg/~xlli/PUDI/PUDI.html. For our proposed SRF, 
the shrinkage parameter  plays a role in determining the 
number of the selected features. We set  = 0.0000001 
producing minimum test errors for selecting features. 
Finally, we employ precision, recall and F-measure 
(Bollmann and Cherniavsky, 1981), widely used measure 
to evaluate the performance of all the methods mentioned 
above (Yang et al., 2012; Yang et al., 2014). The F-
measure is the harmonic mean of precision (p) and recall 
(r), which is represented as 2×p×r/(p+r). The F-measure 
evaluates an average effect of both precision and recall. 
When either of them (p or r) is small, its value will be 
small. Only when both of them are large, it will be large. 
This is suitable for our purpose because having either too 
small a precision (i.e. the percentage of accurately pre-
dicted disease genes is small) or too small a recall (the 
percentage of the identified disease genes is small) for 
disease gene prediction is unacceptable and would be 
reflected by a low F-measure. 

4.2 Experimental Results 

We compared the proposed SRF with the existing 
methods in terms of the performance metrics and number 
of the selected features, analyzed those discovered fea-
tures and identified novel disease genes. 

 
4.2.1 Comparison Results 

We summarized the experimental results to compare 
our proposed method with different methods. First, we 
conducted a comparison with the filter-based methods 
followed by the random forests classification, where the 
cancer disease case was considered. We chose a subset of 
features with the highest correlation measures using Chi-
square statistic (Chi_square), information gain (Info_gain), 
gain ratio (Gain_ratio) and relief (Relief) respectively. We 
also considered the one-norm SVM, SCAD SVM, the 
random forests classification without feature selection 
(RF1) and the random forests classification (RF2) consi-
dering only features with the highest mean Gini gain pro-
duced by each gene over all trees for completeness of the 
existing methods. The classification models were built on 
a training set and the classification performance was eva-
luated on a test set. 

From Table 1, we observed that most of the feature 
selection methods, including both filter- and wrapper-
based approaches performed worse than RF1 which used 
all the 4,004 features. These results demonstrated that the 
feature selection methods, albeit useful to find small 

number of distinguishing features, may not be able to 
achieve better classification results than simply using all 
the features. On the other hand, our proposed SRF me-
thod, which considered 23 features only, clearly outper-
formed the other existing methods, indicating that it can 
capture the most informative distinguishing features to 
differentiate the disease genes from the non-disease genes. 
Note that for a fair comparison, we have considered the 
optimal number of the selected features for all the filter-
based methods, Chi-square statistic (Chi_square), infor-
mation gain (Info_gain), gain ratio (Gain_ratio) and relief 
(Relief) as well as RF2. Particularly, the SRF approach 
was able to achieve 3.48%, 4.17% and 7.55% better F-
measures than the second best RF1 method, the third best 
method gain ratio and fourth best method RF2 respective-
ly. Therefore, we can conclude that the feature selection 
process of the SRF is very effective than the state-of-the-
arts. We also found that the RF1, RF2 and gain ratio per-
formed better than the 1-norm SVM considering 322 fea-
tures and the SCAD SVM considering 3,001 features.  

In order to explain why the SRF approach outper-

Table 1. Comparison of performance for cancer diseases 

Approach Precision Recall F-measure 
Number 

of 
features

Feature 
selection 

time 
(min.)

RF1 84.61% 75.86% 80.00% 4004 0
RF2 81.48% 75.86% 78.57% 88 33.35
Chi_square 77.42% 82.76% 80.00% 115 0.39
Info_gain 77.97% 79.31% 78.63% 135 0.45
Gain_ratio 78.69% 82.76% 80.67% 13 0.43
Relief 79.59% 67.24% 72.90% 194 270.93
1-norm SVM 77.36% 70.69% 73.87% 322 0.56
SCAD SVM 63.93% 67.24% 65.55% 3001 4.81
SIS 76.27% 77.59% 76.92% 987 0.42
SRF 84.21% 82.76% 83.48% 23 146.24
 
Table 2. Results of the shrinkage parameter values of the 

SRF for cancer diseases 

Shrinkage 
parameter Precision Recall F-measure Number of 

features 
0.0000000001 78.57% 75.86% 77.19% 32 
0.000000001 75.86% 77.19% 76.52% 27 
0.00000001 80.00% 75.86% 77.88% 25 
0.0000001 84.21% 82.76% 83.48% 23 
0.000001 78.95% 77.59% 78.26% 20 
0.00001 81.03% 81.03% 81.03% 18 
0.0001 83.33% 77.59% 80.36% 16 
0.001 77.19% 75.86% 76.52% 13 
0.01 78.18% 74.14% 76.11% 11 
0.1 80.77% 72.41% 76.36% 8 



Hwang: Industrial Engineering & Management Systems 
Vol 16, No 1, March 2017, pp.64-79, © 2017 KIIE 72
  

 

formed the other feature selection approaches in Table 1, 
we additionally conducted another real analysis. For the 
cancer disease data, we compared the top 10 selected fea-
tures between the SRF approach and the chi-square ap-
proach. We observed that among the top 10 selected fea-
tures for the SRF approach, there exist low linear correla-
tions, whereas there exist high linear correlations among 
the top 10 selected features for the chi-square approach. 
The SRF approach updates the response vector by sub-

tracting the portion explained by the newly added feature 
from the current response vector. Therefore, a feature 
highly correlated with the newly added feature at current 
iteration may not be added to the regression model at next 
iteration. On the other hand, the chi-square approach only 
considers correlations between the original response vec-
tor and all the features at one time. Therefore, highly cor-
related features with high chi-square statistics can be si-
multaneously selected for the model. However, the corre-
lated features can be redundant in explaining the response 
vector. As a result, we observed that the prediction accu-
racy 78.45% for the top 10 features selected by the SRF is 
better than 74.24% for the top 10 features selected by the 
chi-square approach. 

As shown in Table 2, we observed the performance 
results of the shrinkage parameter values in the SRF. The 
smaller the shrinkage parameter, the more the number of 
the selected features. The shrinkage parameter value  = 
0.0000001 provided the best precision (84.21%), recall 
(82.76%), and F-value (83.48%), where the number of the 
selected features was 23 as mentioned. Finally, we com-
pared the SRF method with four existing classification 
techniques, Smalter’s method based on the SVM, Xu and 
Li’s method based on the KNN, the multi-class SVM-
based PUDI method based on the positive unlabeled 
learning techniques and the gradient boosting trees. Note 
that these four techniques do not focus on feature selec-
tion. We have performed 5 times 3 fold cross-validations 
where each time we selected one fold as a test set and 2 
folds as a training set and reported the average results. As 
shown in Table 3, the proposed SRF approach outper-
formed the existing approaches for the disease cases in 
terms of the F-measure consistently. In summary, we ob-
served that on average the SRF is 4.1%, 6.2%, 8.3% and 
3.2% better F-measures than the PUDI, Smalter’s method, 
Xu and Li’s method and the gradient boosting trees re-
spectively indicating that the SRF’s prediction is much 
more accurate and thus the prediction results are more 
reliable than the other techniques. For the metabolic dis-
ease case, all the approaches performed very well, with 
the F-measures more than 80%. We performed two-way 
ANOVA analysis for Table 3. We verified that the mean 
of the F-measures for the SRF is significantly greater than 
those of the existing approaches based on pairwise com-
parisons of means with Tukey contrasts, where the signi-
ficance level was 0.015. In conclusion, the results indicate 
that SRF’s prediction is much more accurate and thus the 
prediction results are more reliable than the other tech-
niques with the most informative distinguishing features 
to differentiate the disease genes from the non-disease 
genes.  

 
4.2.2 Feature Analysis 

Our proposed SRF approach typically only selected 

Table 3. Comparison of performance for the six disease 
cases 

Disease class Approach Precision Recall F-measure

Cardiovascu-
lar 

PUDI 72.44% 76.67% 74.15% 
SVM 68.71% 76.27% 71.32% 
KNN 69.42% 72.94% 70.99% 
GBM 78.33% 73.53% 75.12% 
SRF 80.09% 78.39% 78.68% 

Endocrine 

PUDI 74.64% 84.94% 79.20% 
SVM 76.75% 77.53% 76.32% 
KNN 74.40% 77.04% 75.45% 
GBM 84.61% 81.48% 83.02% 
SRF 81.43% 89.63% 85.16% 

Neurological 

PUDI 68.01% 79.36% 73.14% 
SVM 65.90% 75.71% 70.17% 
KNN 66.27% 66.58% 66.25% 
GBM 66.90% 81.28% 73.93% 
SRF 75.58% 77.53% 76.30% 

Metabolic 

PUDI 83.77% 86.78% 85.13% 
SVM 86.22% 81.36% 83.49% 
KNN 80.12% 81.89% 80.91% 
GBM 76.53% 85.23% 80.65% 
SRF 86.32% 85.38% 85.78% 

Ophthalmo-
logical 

PUDI 74.81% 83.81% 78.81% 
SVM 79.31% 75.24% 75.96% 
KNN 68.77% 71.43% 70.32% 
GBM 96.00% 68.57% 80.00% 
SRF 85.78% 84.57% 84.80% 

Cancer 

PUDI 74.21% 79.96% 76.89% 
SVM 79.47% 76.55% 77.58% 
KNN 77.89% 78.97% 78.28% 
GBM 68.49% 86.21% 80.00% 
SRF 80.88% 82.87% 81.38% 

Average 

PUDI 74.65% 81.92% 77.89% 
SVM 76.06% 77.11% 75.81% 
KNN 72.81% 74.81% 73.70% 
GBM 78.48% 79.38% 78.79% 
SRF 81.68% 83.06% 82.02% 
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Figure 5. Distribution of first to twentieth selected  

features for metabolic diseases. 
 

 
Figure 6. Distribution of first to twentieth selected  

features for ophthalmological diseases. 
  

 
Figure 7. Distribution of first to twentieth selected  

features for cancer diseases. 

 
Figure 2. Distribution of first to twentieth selected  

features for cardiovascular diseases. 
 

 
Figure 3. Distribution of first to twentieth selected  

features for endocrine diseases. 
 

 
Figure 4. Distribution of first to twentieth selected  

features for neurological diseases. 
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less than 30 features in Table 3, depending on the disease 
classes that we studied. Based on the SRF results of Table 
3, we have performed feature analysis, focusing on fea-
ture distributions and feature-disease association. Firstly, 
we studied the distribution of top 20 selected features for 
each disease class to better understand which feature 
groups these selected features come from. Figure 2 illu-
strates the distribution results for cardiovascular diseases 
where the x-axis represents the five feature groups and y-
axis denotes their corresponding frequencies. We observed 
from Figure 2 that more features were selected from MF 
and cellular components CC. As shown in Figure 3, our 
approach mainly selected features from BP (the number of 

features from the other feature groups are relatively small)   
for endocrine diseases. Similar to Figure 3, Figure 4 shows 
that features from BP were substantially selected for neuro-
logical diseases. On the other hand, features from CC and 
BP were prominent for metabolic diseases, as shown in 
Figure 5. In Figure 6, features from BP were clearly much 
more than the other feature groups for ophthalmological 
diseases. For cancer diseases, features from BP are the 
most remarkable, while those from CC, MF, and PPI are 
similarly substantial as shown in Figure 7.  

In summary, throughout Figures 2-7, we observed 
that features from BP are particularly striking in the dis-
tribution results, indicating that biological processes (e.g., 
cell division) are the most important to the rest of the dis-
eases except for cardiovascular diseases - the diseases 
could be caused when various biological processes slow 
down, halt or even reversed. We can also see that features 
from PPI, albeit consisting of only 4 features, were con-
sistently chosen for the diseases. This clearly shows that 
proteins either directly or indirectly interacting with dif-
ferent disease proteins (1N-index and 2N-index), are like-
ly to be disease proteins too. In addition, those protein 
hubs or coordinators can affect the diseases in terms of 
the degree and highly connected subgraphs (clustering 
coefficient). Their mutations could maximally disrupt the 
operations of the modules which impact cell fitness (Tew 
et al., 2007).  

Next, we investigated specific features that have 
been chosen by our proposed technique. Table 4 shows 
those top 5 highly ranked selected features for each dis-
ease class. Most significantly, the feature 2N-index was 
selected for all the six disease classes. As such, it is the 
most important disease-independent feature. Clustering 
coefficient is the second frequently selected disease-
independent feature, which was chosen for the three dis-
eases, namely cardiovascular diseases, metabolic diseases 
and cancer diseases.  

On the other hand, there are some disease-specific 
features. For example, GO 0008092 (cytoskeletal protein 
binding), GO 0016922 (ligand-dependent nuclear receptor 
binding) and GO 0001906 (cell killing) were chosen for 
cardiovascular diseases. Our literature search has found 
that heart failure is in fact associated with the cytoskele-
ton as it leads to cardiac muscle contraction (Katz, 2000). 
GO 0016922 (ligand-dependent nuclear receptor binding) 
interacts with some nuclear receptor proteins. The orphan 
nuclear receptors, ERRalpha and gamma affect cardiac 
functions (Dufour et al., 2007). Regarding GO 0001906 
(cell killing), both gradual and acute cell death is hall-
marks of cardiac pathology, including heart failure, myo-
cardial infarction and ischemia/reperfusion (Bollmann 
and Cherniavsky, 1981). 

For endocrine diseases, GO 0001906 (cell killing) 
was selected. Type I diabetes are affected by β-cell 
death (Tew et al., 2007). For GO 0015975 (energy deriva-

Table 4. The top 5 highly ranked selected features  

Disease Feature groups Attributes 

Cardiovascular 

PPI 2N-index 

PPI Clustering 
coefficient 

MF GO0008092 
MF GO0016922 
BP GO0001906 

Endocrine 

PPI 2N-index 
BP GO0001906 
BP GO0015975 
BP GO0043067 
BP GO0031589 

Neurological 

PPI 2N-index 
BP GO:0018262 
BP GO:0018941 
BP GO:0043067 
BP GO:0015975 

Metabolic 

PPI 2N-index 

PPI Clustering 
coefficient 

BP GO0015975 
BP GO:0018262 
BP GO:0042772 

Ophthalmological 

PPI 2N-index 
BP GO:0007059 
BP GO:0018298 
BP GO:0044343 
BP GO:0018262 

Cancer 

PPI 2N-index 

PPI Clustering 
coefficient 

BP GO0015975 
BP GO:0018262 
BP GO:0042772 



Biological Feature Selection and Disease Gene Identification using New Stepwise Random Forests 
Vol 16, No 1, March 2017, pp.64-79, © 2017 KIIE 75
  

 

tion by oxidation of reduced inorganic compounds), en-
docrine diseases are related to oxidation of compounds 
(Olmez-Hanci et al., 2009). GO 0043067 (regulation of 
programmed cell death) regulates programmed cell death 
which affects endocrine-dependent tissues (Martimbeau 
and Tilly, 1997). GO 0031589 (cell-substrate adhesion) 
attaches a cell to the underlying substrate via adhesion 
molecules. Men1 (multiple endocrine neoplasia 1) is as-
sociated with negative regulation of cell-substrate adhesion 
(http://www.informatics.jax.org/searches/GOannot_report.
cgi?id=GO:0031589).  

For neurological diseases, GO 0018262 (isopeptide 
cross-linking) forms a covalent cross-link between or 
within peptide chains. Parkin is an ubiquitin-protein iso-
peptide ligase. It has been suggested that loss of function 
in parkin causes accumulation and aggregation of its sub-
strates, leading to death of dopaminergic neurons in Par-
kinson’s disease (Zhong et al., 2005). Also, Suk et al. 
(2001) showed that isopeptide is formed in neuronal cell 
death (Suk et al., 2001). GO 0018941 (organomercury 
metabolic process) is associated with any organic com-
pound containing a mercury atom. Mahaffey et al. (2004) 
discussed that increased risk of adverse neurodevelop-
mental effects is related to methyl mercury exposure 
(Mahaffey et al., 2004). For GO 0043067 (regulation of 
programmed cell death), neuron cell death was discussed 
in the literature (Mahaffey et al., 2004). Also, Johnson et 
al. (2005) defined the form of cell death regarding neuro-
2a cells (Johnson et al., 2005). Regarding GO 0015975 
(energy derivation by oxidation of reduced inorganic 
compounds), oxidative stress (OS) leading to free radical 
attack on neural cells contributes to neuro-degeneration, 
which can cause a range of disorders such as Alzheimer’s 
disease, Parkinson’s disease, aging and many other neural 
disorders (Uttara et al., 2009).  

We observed that GO 0015975 (energy derivation by 
oxidation of reduced inorganic compounds) is also asso-
ciated with metabolic diseases. Metabolism is usually 
divided into two categories: catabolism and anabolism, 
where catabolism breaks down organic matter and har-
vests energy by way of cellular respiration (http://en.wikipedia. 
org/wiki/Metabolism). For GO 0018262 (isopeptide cross-
linking), a significant different biochemical behavior of 
the isopeptides was observed in terms of vitro stability, 
vivo metabolism as well as biodistribution (Hultsch et al., 
2005). For GO 0042772 (DNA damage response, signal 
transduction resulting in transcription), a strong correla-
tion was established between the systemic DNA damage 
response to inhibit ongoing malignant transformation and 
metabolic syndrome characteristics (Erol, 2010). 

Our proposed method has chosen GO 0007059 
(chromosome segregation) for ophthalmological diseases. 
This makes sense as recent studies suggested that the 
DNase domain-containing protein TATDN1 plays an im-
portant role in both chromosome segregation and eye 

development in zebrafish (Johnson et al., 2005). For GO 
0018298 (protein-chromophore linkage), protein-chromophore 
interacts with metarhodopsins (Renk and Crouch, 1989). 
Rhodopsin known as visual purple (a light-sensitive re-
ceptor protein) is a biological pigment in photoreceptor 
cells of the retina (http://en.wikipedia.org/wiki/Rhodopsin). 
Regarding GO 0044343 (canonical Wnt signaling path-
way involved in regulation of type B pancreatic cell proli-
feration), it was investigated that pancreatic cardinoma is 
associated with the optic nerve (Ring, 1967). For GO 
0018262 (isopeptide cross-linking), Tong et al. (2011) 
discussed transglutaminase in ocular health and patholog-
ical processes. Transglutaminase (TG) is a big class of 
intra- and extra-cellular enzymes with 9 members, all of 
which catalyze the formation of epsilon-(γ-glutamyl) 
lysine isopeptide linkages between peptide substrates, 
except for a catalytically inactive member Band 4.1 (Tong 
et al., 2011).  

For the cancer disease case, regarding GO 0015975 
(energy derivation by oxidation of reduced inorganic com-
pounds), in humans, oxidative stress is thought to be in-
volved in the development of cancer, Parkinson's disease, 
Alzheimer's disease, atherosclerosis, heart failure, myocar-
dial infarction, fragile X syndrome, sickle cell disease, li-
chen planus, vitiligo, autism, infection and chronic fatigue 
syndrome (http://en.wikipedia.org/wiki/Oxidative_stress). 
For GO: 0018262 (isopeptide cross-linking), it was prov-
en that lysine-isopeptides are associated with cancer 
(Szende et al., 2002). For GO: 0042772 (DNA damage 
response, signal transduction resulting in transcription), 
Karanika et al. (2014) pointed out that DNA damage re-
sponse is associated with prostate cancer (Karanika et al., 
2014). In conclusion, as the selected biological features 
match very well with the existing biological knowledge, 
other selected biological features could be putative fea-
tures for biologists and clinicians to validate. 

 
4.2.3 Novel Disease Gene Identification 

We tested if our proposed SRF method can identify 
novel disease genes. Particularly, those genes from the 
non-disease gene test set (do not belong to known disease 
genes) with prediction probabilities more than 0.9 actual-
ly belonging to the disease gene class, are considered as 
novel disease genes. This is reasonable as we only have 
limited known disease genes for each specific disease. In 
fact, those unknown genes, currently being regarded as 
non-disease genes, could be potential disease genes, espe-
cially when our classification model classifies them into 
the disease gene class or we believe that they are more 
similar to existing disease genes.  

Based on the SRF results of Table 3, we discovered 
novel disease genes for endocrine diseases. Our experi-
mental results predicted six novel disease genes, namely 
SDC1, NCOA2, HES1, PCSK5, GRIN1 and MARKAPK3. 
Our literature search has found that SDC1 has been asso-
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ciated with endocrine diseases (http://www.ncbi.nlm.nih. 
gov/IEB/Research/Acembly). In addition, Jeong et al. 
(2007) found that NCOA2 regulates murine endometrial 
function, progesterone independent, and dependent gene 
expression. Furthermore, Johansson et al. (2008) has 
shown that HES1 is related to pancreatic endocrine tu-
mors. It was discussed that PCSK5 mediates posttransla-
tional endoproteolytic processing for several integrin al-
pha subunits (Cao et al., 2001). Also, Xin et al. (2009) 
implied that GRIN1 is associated with endocrine diseases. 
Finally, it was pointed out that MARKAPK3 is associated 
with thyroid (Endocrine System) (http://www.genecards. 
org/cgi-bin/carddisp.pl?gene=MAPKAPK3). 

On the other hand, we applied our proposed SRF 
method to discover novel disease genes for cancer diseas-
es. As a result, five novel disease genes were predicted: 
RXRA, NEK1, MTOR, EPHA3 and MAP3K7. Tsujie et al. 
(2003) suggested that activation of RXRA pathway might 
affect growth inhibition of pancreatic cancer cells. Addi-
tionally, mutation of NEK1 leads to chromosome instabil-
ity and ultimately to increased mutation rates and acquisi-
tion of the multiple mutations that result in cancer (Chen 
et al., 2011). We found that MTOR has emerged as a criti-
cal effector in cell-signaling pathways commonly deregu-
lated in human cancers (Guertin and Sabatini, 2007). 
EPHA3, moreover, maintains tumorigenicity and is highly 
expressed on the tumor-initiating cell population in gli-
oma (Day et al., 2013). We also observed that MAP3K7 is 
associated with lung and breast cancer (Kondo et al., 
1998; Neil and, Schiemann, 2008). In conclusion, as our 
predicted disease genes match very well with the existing 
biological knowledge, other novel predicted disease genes 
could be putative disease genes for biologists and clini-
cians to validate. 

5. CONCLUSION 

The existing classification methods utilized the mul-
tiple biological data sources for disease gene identifica-
tion. However, they did not focus on how to automatically 
select a small subset of useful features to distinguish the 
disease genes from the non-disease genes. Because the 
effectively selected features could improve the accuracy 
of disease gene identification as well as provide biologists 
and clinicians with more biological insights, in this paper, 
we proposed the SRF for feature selection and disease 
gene identification. The SRF consists of the two stages. In 
the first stage of the SRF, biological features are iterative-
ly selected one by one in a forward selection manner. At 
each iteration step, a one-dimensional random forests 
regression is applied to select a feature which can best 
reduce the residual or unexplained portion. After we get a 
best feature for the current iteration, we update the mul-
tiple random forests regression model using all the fea-

tures selected so far as well as the residual vector. As a 
result, we can effectively determine a subset of good fea-
tures in the first stage. In the second stage, the random 
forests classification is implemented for disease gene 
identification. 

Our extensive experimental results demonstrated that 
our approach performs significantly better than the exist-
ing standard feature selection and classification approach-
es, and state-of-the-art classification methods in terms of 
feature selection and disease gene identification. Particu-
larly, for the cancer disease case, although the SRF se-
lected only 23 features, it remarkably outperformed the 
existing approaches in terms of the F-measure. Further-
more, we showed that the selected features are related to 
the diseases via literature search. Finally, we identified 
novel disease genes based on the SRF, which would be 
useful for disease diagnostics and treatments. 
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