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一、中文摘要
本研究以預測蛋白質的不穩定區段為
主題，在以往的研究中，光是利用儀器針
對普通穩定蛋白質的結構研究分析，就已
經是個非常耗時以及資源消耗的議題，更
不用說是針對蛋白質中的不穩定區段做偵
測。也因如此，利用機器學習的理論從蛋
白質的一級序列中預測其三級結構是一種
新的趨勢也是一種迫切的需要。如此，才
能大幅度的提升蛋白質非穩定區段預測的
效能。所謂的蛋白質非穩定區段在蛋白質
的結構裡是不具有固定的二級結構，如以
一來更增加了結構預測的難度。除此以外，
其結構的重要性在於一些特殊功能上的運
作。在此研究中，我們也針對其輸入特徵
中挑選出一些適當的特徵集。其中，我們
也利用了三種不同的特徵選取方法對我們
選定的資料集作特徵選取的動作。其方法
分別是 F-score, information gain, 以
及 K-medoids clustering。在特徵選取之
後 ， 我 們 利 用 了 支 援 向 量 機 (support
vector machine)做為學習預測分類器。在
最終的研究成果中，我們提出的
K-medoids clustering 特徵選取方法能夠
有效的降低輸入的特徵量，從原先的 440
個特徵降低至 150 個，此外，其預測的正
確 率 也 從 原 先 的 84.66% 向 上 提 升 至
86.81%。另外，我們也在實驗結果中證明
此方法比 F-score 或是 Information gain
有更穩定的表現。

關鍵詞：蛋白質非穩定區段; K-Medoids
叢集; 特徵選取; 蛋白質體學
Abstract
Determining the structure of a protein is
not an easy task which usually involved a
time-consuming and costly process in the
web lab. Using computational methods to
predict a protein’s tertiary structure from its
primary structure (the amino acid sequence)
is desirable. Disordered regions are segments
of a protein that do not have a fixed
conformation, which makes the structure
prediction much harder. Also, these
disordered regions are functionally important
for a protein. In this research, we would like
to identify such regions with a focus on
selecting a proper feature set. Three feature
selection
methods,
namely
F-score,
information gain, and K-medoids clustering,
are used for feature selection. The support
vector machine is then used for classification.
The results show that the classification
accuracy can be raised with a smaller feature
set. The K-medoids clustering feature
selection can reduce the number of features
from 440 to 150 and improve the accuracy
from 84.66% to 86.81% in five-fold cross
validation. It also has a more stable
performance than F-score and information
gain.
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二、緣由與目的
本研究緣由於一般對蛋白質結構的偵
測中，總是耗費相當大的人力與物力，其
時間耗費更是不在話下。其中，蛋白質非
穩定區段的實體偵測更是難上加難，於是
在以往的研究中，漸漸提出以一些機器學
習理論輔助其結構的偵測，以期能夠大幅
度降低其時間與經費的耗費。本文針對的
研究主體為蛋白質中始終以不固定的樣貌
呈現的非穩定區段，此區段具有相當大的
結構彈性，其出現位置大多在蛋白質的頭
尾，若是出現在序列中段也通常不會有相
當大的區間。
在以往的實驗中，此區段被視為無意
義區段，因為在蛋白質研究的中心教條為
蛋白質一級序列可導致其三級結構的形成，
而其三級結構更是蛋白質功能的依據。試
問一個在三級結構中不具有固定結構的區
段如何具有固定的蛋白質功能?另外，這些
區段更在不同的實驗具有不同的角色，例
如在蛋白質結構的偵測上，首先須對蛋白
質做結晶化才能利用 X-ray 偵測其結構，
可是偏偏有些蛋白質是無法正確結晶的，
他們也發現，就因為這些非穩定區段導致
整體的蛋白質無法順利結晶。
再者，非穩定區段的功能在近幾年慢
慢的被界定出來，其功能與其不定形的結
構有著很大的關連性，也因為不穩定，所
以其更能有更大的空間去與另一些不同結
構的蛋白質做結合，其功能有點類似電腦
中的集線器，能夠同時將多台電腦同時連
結；另外，在訊息的傳導上，非穩定區段
佔有功不可沒的地位；而疾病的研究上，
非穩定區段也漸漸的被研究出有其相關性，
2

例如在狂牛症的研究中，就發現其與
prion 非穩定蛋白質有著密不可分的關連
性。
基於以上的理由，我們利用機器學習
的方法以及特徵擷取的技巧，以期能夠大
幅提升利用儀器偵測非穩定區段的效能。
三、結果與討論
本實驗收集了 Protein Data Bank 與
DisProt 等資料庫中的穩定以及非穩定區
段供實驗進行。在特徵收集方面分為三部
分，其分別是蛋白質區間胺基酸出現頻率
統計(20 個)、PSSM 多重序列比對矩陣列表
(20 個)以及胺基酸側鏈屬性列表(8 個)，
所以針對一級蛋白質序列中的每一個胺基
酸，我們皆收集到 48 種不同的屬性，在加
上我們是利用 sliding window 的方式學習
以及預測，視窗大小區間我們設為 15 個胺
基酸，也就是受測胺基酸的左右各延伸 7
個胺基酸，所以總共一個受測視窗區間所
得到的屬性個數為 480 個。
第二步我們再進一步的降低整體屬性
數目，一來是增加之後分類器的效能、二
來是去除掉與整體預測結果無太大關連的
屬性。在此步驟中我們利用了 3 種不同的
特 徵 擷 取 方 式 ， 分 別 為 F-score 、
Information Gain 以 及 我 們 所 提 出 的
K-Medoids Clustering 方法。值得一提的
是這三種方法皆為特徵擷取中 filter 模
式，也就是利用訊息的測量來達到最終的
特徵擷取，其優點是相當快速，相對於另
一種 wrapper 模式而言，其速度是其絕對
的優點。因為在這裡的研究，我們主要是
想改進以往的耗時以及耗經費的儀器測量，
所以在時間方面是我們很大的一個考量，
所以我們利用了 filter 模式的概念提出
了 K-Medoids Clustering 方法，希望其在
快速之餘，能夠提供穩定以及良好的特徵

擷取結果。
我們分別將透過三種不同的特徵擷取
方式所得到的特徵集輸入支援向量機
(SVM)，用其優異的分類能力提供我們良好
的非穩定區段預測結果。表 1 為利用三種
不同的特徵擷取方式所得到的預測結果。

表 2 三種特徵擷取方式在資料集的自我訓練以及
測試結果
Methods

Number
of
Accuracy Recall/Sensitivity Precision Specificity
features
50

96.21%

0.91

98.22%

99.14%

100

99.47%

0.99

99.66%

99.82%

150

99.54%

0.99

99.78%

99.89%

200

99.82%

1.00

99.82%

99.91%

250

99.71%

0.99

99.78%

99.89%

300

99.77%

1.00

99.82%

99.91%

350

99.82%

1.00

99.85%

99.92%

表 1. 三種不同的特徵擷取方式所得到的分類器
預測結果 (完整 440 個特徵值的正確率是 84.66%)
方法

正確率

K-medoids

特徵數目

(5-fold cross validation)
F-score

82.38%

400

400

99.86%

1.00

99.89%

99.94%

IG

83.53%

400

50

79.23%

0.43

92.97%

98.31%

K-medoids

86.81%

150

100

79.93%

0.44

94.47%

98.65%

150

81.07%

0.50

90.76%

97.35%

200

81.69%

0.52

90.82%

97.26%

250

82.36%

0.54

91.08%

97.25%

300

82.85%

0.55

91.09%

97.17%

350

99.85%

1.00

100.00% 100.00%

400

82.98%

0.57

89.84%

96.64%

50

83.81%

0.65

84.03%

93.53%

100

98.72%

0.97

99.11%

99.54%

150

99.61%

0.99

99.69%

99.84%

200

99.63%

0.99

99.62%

99.80%

250

82.16%

0.54

90.15%

96.92%

300

82.52%

0.55

89.62%

96.64%

350

99.91%

1.00

99.88%

99.94%

400

84.38%

0.62

89.74%

96.33%

從結果我們可以看到，在各別特徵擷
取的方法上，最好的結果分別是 F-score
的 82.38%、IG 的 83.53%以及 K-medoids
的 86.81% ， 明 顯 的 我 們 所 提 出 的
K-medoids 在結果上優於前兩者。但是就
以特徵數而論，我們所提出的 K-medoids
方式更能夠降低特徵數目，達到 150 個，
而同時，F-score 與 IG 就只能降低 40 個
特徵數，達到 400 個特徵數。對此而言，
之後分類器更能夠提升效能，另外也更能
去除訊息中的雜訊，達到省時又能提高正
確率的效果。
另外，我們也針對特徵擷取的穩定度
做一個比較，希望能比較出在不同的特徵
數目選取上，特徵擷取方式能夠提供一個
穩定且良好的結果，不能在去除特徵數目
的同時，將重要的特徵一併去除，如此一
來便無法達到穩定的效能。表 2 為三種特
徵擷取方式的穩定度比較。

F-score

IG

從表中我們可以觀測到，無論在特徵
數目改變時，K-medoids 方式皆能提供一
個良好穩定的結果，相對於 K-medoids，
其他兩種的特徵擷取方式的測量結果，
K-medoids 總是能保證其預測率，不會在
做特徵剔除時，將重要特徵給去除掉，而
導致預測的正確率下降。
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四、計畫成果自評
本研究為蛋白質非穩定結構收集了大
量有用的特徵值，其中包括了胺基酸的出
現頻率、PSSM 多重序列比對矩陣值以及胺
基酸側鏈屬性。再者，本研究提出一個以
K-medoids 叢集為基準的特徵擷取方法為
整體降低特徵量，最後再利用支援向量機
(SVM)為之前所選取的特徵為學習屬性，為
整體蛋白質非穩定區段做最終的預測。
在上節中的結果中可見到，我們所提
出的 K-medoids 叢集方式能有穩定且有效
的降低資訊量以及得到較好的預測結果，
所以整體而論，整個計畫成果是有其功效
的。
研究成果與原計劃相符，皆為尋求良
好的蛋白質非穩定區段預測結果，其達成
目標情況也得到不錯的結果，至於研究成
果的學術以及應用價值，我們已經將其研
究分別投稿至 2008 年在西班牙巴塞隆納
所舉辦的 IIBM 2008，其題目為 Protein
Disordered Region Prediction by SVM
with Post-Processing，另外，另有一篇
期刊論文也被 ISDA 2008 所接受，其題目
為 A Hybrid Feature Selection
Mechanism，最後，此研究成果更被投稿至
BME 與 Expert systems with applications
期刊，其論文題目為 Feature Selection
for Identifying Protein Disordered
Regions 與 Hybrid feature selection by
combining filters and wrappers。
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Abstract
In proteomics, a protein’s function is always
strongly related to its structure. But, while some parts
of a protein have a fixed definite structure, such as αhelix, β-sheet, or coil, other parts are not associated
with well-defined conformations. Previously, these socalled disordered regions were not thought to have a
specific function of their own. But, recent studies
suggest that some disordered regions may have
important signaling or regulatory functions. In
addition, some critical diseases are strongly related to
these disordered regions. Hence, prediction of these
disordered regions is essential. In this paper, we try to
use the support vector machine (SVM) to predict the
disordered regions. Furthermore, this paper
emphasizes post processing of the SVM prediction
results. Two post-processing algorithms are introduced.
These algorithms are used to smooth the primary
results by SVM. Different from other studies, these
smoothing steps are related to the neighbors’ distance
to the candidate node. The results show that these
algorithms can improve the prediction accuracy
further by 1%.

1. Introduction
According to the central dogma of structural biology,
the function of a protein is determined by its threedimensional structure. Proteins can adopt one of three
states: fully folded, collapsed, or extended.
Nevertheless, parts of proteins fail to self-fold into
fixed 3D globular structure. Those which do not have
a fixed conformation would be taken as functionless
regions in the past views. Even so, recent studies
proved that these regions have special functions as
signal controlling or regulator roles and this kind of
region is defined as “disordered region.” Disordered
regions often contain short linear peptide motifs, and
these regions may cause disordered proteins partial or
wholly unstructured. Moreover, various major protein

conformational diseases are caused by disordered
proteins such as synuclein, Tau, and prion protein.
The disordered regions are stored and displayed in
several databases. The protein structure database,
protein data bank [2] (PDB), records these
structureless regions in its conformation files as
remarks 465 which contain each amino acids’ position
and length. The database of protein disorder, DisProt
[3], also collected more than 400 disordered proteins
and about 1000 disordered regions.
Various instruments are used to identify the
disordered regions, such as nuclear magnetic
resonance
(NMR)
[4]
spectroscopy,
X-ray
crystallography [1] and circular dichroism [5].
Nevertheless, in the experiments, it may take much
more time, money and manpower than using a
computerized method to predict.
The current trend is using machine learning
technologies to discover the disordered regions of
proteins. The most used models are neural networks,
Bayesian network, and support vector machine [19].
By investigating the protein’s sequences and functions
relationship, these models can make predictions of
disordered regions. However, some limitations of
disordered regions prediction appeared while
predicting with these models. First, the form of
disordered regions various which cause the prediction
rate decreased. Next, the sample of disordered regions
is quite few. In 2006, besides the tertiary structure
predictions and high resolution models, the Protein
Structure Prediction Center’s [6] CASP7 experiments
also held a competition of disordered regions
prediction. The predicting target proteins’ distribution
is that 6% disordered residues and 94% ordered
residues. In addition, the situation of disordered
regions on N or S terminal is common and this kind of
disordered regions is very short which less than 30
residues. Hence, it’s not easy to predict these regions.
In this paper we use the SVM to predict the
disordered region of a protein. At the prediction part,
more information is needed. Some particular amino

acid properties are proved to be related to protein
disordered region. We use the support vector machine
with the above information to predict the disordered
region of proteins. And finally, we use several post
processing algorithms as smoothing functions to
improve the prediction accuracy.
The rest of the paper is organized as follows.
Section 2 introduces the related work. Section 3
describes the SVM training with smoothing algorithm.
Section 4 presents the experimental results. And
Section 5 draws the final conclusion.

2. Related work
In the past few years, several machine learning
models were developed to solve problems in
bioinformatics. Especially for structural biology, by
analyzing the protein sequence composition, numerous
issues could be solved. For example, protein structure
prediction [7], solvent accessibility prediction [8],
residue contact prediction [9], protein subcellular
localization prediction [10],…etc. In all the above
predictions, few post process were taken to improve
the prediction accuracy. Smoothing process is the most
used method to correct the short prediction errors
regions which perform an easy step to smooth the
discontinuous prediction results.
In this paper, the disordered proteins’ issue follows
the above studies’ pattern. However, unlike protein
structure prediction, normal physical features are not
enough for disordered proteins prediction. The
additional features of amino acids should also be
provided for prediction. In the previous researches of
disordered protein predictions, there are several
successful works. For instance, the first study for
disordered proteins prediction is by Williams et al.
(1978) [11]. They noted the abnormally low
charge/hydrophobic ratio for the two disordered
proteins, and used this special property to predict.
Uversky et al. [12] did the same analysis but on much
larger set of proteins in 2000. And they made a list of
disordered propensity for each amino acid. However,
no post process of prediction was taken.
In 2006, Keith Dunker et al. developed the VSL2
[13] disordered region predictor which used an output
smooth procedure for its prediction result. The
smoothing algorithm is based on calculating the
average of raw predictions for neighboring residues
within an output window of an odd number length 61
to remove occasional misclassifications. In that work,
the prediction accuracy exceeds 85%. Nevertheless,
they did not show the smoothing effects. No

description was made to explain the smoothing result.
The only thing we know is that they use the average
result within a sliding window as the central node’s
reference. In this paper, we modify the average idea to
a weighted reference which will be described in
Section 3.
Several researches also use smoothing procedure to
remove the misclassified node. Such as IUPred [14],
which is a web server presented a novel algorithm for
predicting such regions from amino acid sequences by
estimating their total pairwise interresidue interaction
energy. In the end, the IUPred use a simple smoothing
step to smooth some misclassified node over a window
size of 21. Another predictor is PONDR [15] which
measures proteins’ complexity and encodes it with
statistic information of amino acids. Then, PONDR
trains the neural network with these features. The
training error of it is about 17% based on the data set
they collected. The smoothing procedure of it is by
averaging over sliding windows of nine amino acids.
In particular, the PONDR wouldn’t smooth the first
and last four sequence positions from the N- and Cterminal. Since some short disordered regions usually
exist in the edges of a sequence.
The DisEMBL [16] predictor introduced a new idea
to predict the protein disordered regions by a simple
concept of “hot loops” which indicate the structure
coils with high temperature factors. The DisEMBL
also refer to the PONDR’s smoothing algorithm.
However, it did not improve the overall performance
on their own datasets.
In the above prediction model, the smoothing
algorithms are of few variations and few discussions
were made. Hence, in this paper we present two other
improved smoothing algorithms and make a complete
discussion on them.

3. SVM training and smoothing algorithms
3.1. Feature sets
For disordered protein prediction, basic protein
sequence composition information is needed.
Therefore, in the protein prediction stage, the target
proteins’ composition should be analyzed. The first
kind of composition information is target proteins’
occurrence frequencies. We developed a program with
encoding and predicting functions. Hence, while the
target proteins’ primary structure information is
inputted, the 20 kinds of amino acids’ frequencies
would be calculated as the first 20 features.
In advance, only frequencies feature may satisfy

protein secondary structure prediction, but not for
disordered proteins’ prediction. Because the
frequencies features only provide the ensemble
information, the individual position information is not
concerned. Consequently, the position data also have
to be added in the prediction program. However, only
one target protein’s position information is not
sufficient. Since proteins would mutate in the nature
environment, and we can find several closed family
proteins. These proteins may have similar structure
and functions. If all this kind of proteins could be
collected and make an ensemble analysis, the position
information is much more useful than only one
protein’s position information.
Nevertheless, to describe a set of proteins’ position
is not an easy work. In this paper, we used the
position-specific scoring matrix [17] (PSSM) which is
performed by several steps. Firstly, by querying the
target protein against the selected database, the most
closed family proteins would be searched out. Next,
considering the blind position calculation for a set
protein is not serviceable, to perform the multiple
sequences alignment is needed. After multiple
sequence alignment, the position of the selected
protein set could be calculated. The PSSM also
calculate the log-likelihoods of the substring under a
product multinomial distribution which is very useful
for disordered protein prediction.
In our program, we calculated the PSSM by using
the PSI-BLAST model which is download from the
NCBI [18] website. The setting of PSI-BLAST in our
program is listed as follows:I. Iterations:3. II.
Database: NCBI nonredundant database. III. E-value:
10.
According to the past studies, only sequence’s
physical information is not sufficient. Some specific
amino acids side chain properties should also be
included in the prediction system. In this paper,
because several amino acids’ side chain properties
would affect a protein’s conformation. In this paper,
we have collected several amino acids’ side chain
properties. They are aliphatic, tiny, small, aromatic,
hydropathy index (Kyte-Doolittle), polar, charged, and
hydrophobic.
Finally, we use the above features to train the SVM.
There are totally 48 features which includes
frequencies features (20), PSSM position features (20),
and side chain properties (8).

3.2. Support Vector Machine
In this paper, we use the support vector machine to

solve the disordered problem. In the previous section,
we performed one node with 48 features, and that
means we can draw these nodes in a 48 dimension
space. So that if we could find a hyperplane to
separate these nodes into ordered and disordered
classes, the nodes are training successfully. The SVM
also could project these nodes into a higher dimension,
and in that newer space another hyperplane could
always be found. Moreover, SVM is based on the SV
(support vector) learning. That means the SVM would
not always compare the prediction target to all the
existing training nodes. In contrast, the SVM selects
several nodes as its SVs, and use these SVs to judge
the prediction target to be ordered or disordered.
In the testing stage, the SVM model would use the
SVs to do the prediction. And also, these SVs would
locate on the maximum margin of separation. The
SVM is also rated an excellent classifier in practical
applications. The SVM can handle more complex
nonlinear problems. Fig. 1 demonstrates the maximum
margin between two classes which are separated by the
hyperplane in the SVM model. The H1 and H2 are the
boundaries. And the nodes which are located on these
two lines would be support vectors.
H1
H2

Figure 1. The SVM could find out the maximum margin
and use the SVs to predict the prediction targets. The line
H1 and H2 are located on these SVs. (doubled circles are
SVs).

The “maximum margin” or “optimal separation”
idea comes true with several steps. Assume that there
are l nodes and each node contains two parts ( xi , yi )
where xi represents the node’s feature vector, and the
yi shows its class (1 or -1). H1 and H2 are the two
boundaries of the “maximum margin” in (1)
H 1 :   x i  b  1 for y i  1
H 2 :   x i  b  -1 for y i  -1

(1)

The SVM uses the Lagrangian to solve this
constrained
optimization
problem.
Eq.
(2)
demonstrates it. The αi is the Lagrangian multiplier.
To adjust each node’s α value for optimization is the
main task. In the end, those nodes with nonzero α i are
the support vectors. To identify the class of each node,

a decision function is used.
Maximize
l
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3.3. Datasets
Our ordered and disordered sequence is collected
from the DisProt [3] and PDB [2] database. The
proteins in DisProt are all with disordered regions.
The number of ordered regions is very few. If we use
the SVM with these disordered data, this may cause
the unbalanced training problem. Hence we also
collect proteins from the PDB which contains much
more ordered regions. Those data selected from
DisProt are taken as positive training data, and the
negative
training
data
are
derived
from
PDB_Select_25 [17] which is a nonredundant dataset
of the Protein Data Bank (PDB). Finally, 119 protein
sequences are collected and there are totally 21676
residues.

The above algorithm is based on the idea that
discontinued disordered/ordered regions should be
smoothed. This idea is realized by inspecting the
neighborhood’s
disordered/ordered
residues
distribution. In other words, by using the sliding
window with a fixed size, the central residue’s
disordered/ordered state should reference to its
neighbors’ disordered/ordered density. If the
disordered density is greater than the threshold which
is predefined by the user (default 0.5), the central
residue of the current window should change its states
from ordered to disordered, and vice versa. Fig. 3
shows the smoothing process. Because the candidate
node in Fig. 3 is 0 (ordered) while all its neighbors are
1 (disordered), the calculation should be (number of
disordered) / (window size). In this example, the trend
score of disorder is 8/9 (win size=9) which is greater
than 0.5 (default: 0.5). Therefore, the central node
should be set to 1 (ordered).
Sliding window: Win size=9
1111110111111111111111111

3.4. Smoothing Algorithm

Figure 3. The central node of the sliding window would be
changed from 0 to 1, because of the vote result within the
window. (window size=9, number of 1=8, number of 0=1)

After predicting by SVM model, the result would
be saved in our program. In Fig. 2, one can easily find
that some predicted disordered region is not continues.
According to the disordered regions’ characteristic, it
is not possible for only one or two residues to form a
disordered region except for the edge regions. Hence,
we develop two smoothing algorithms to recover these
discontinued regions.

Algorithm 2: the disordered-distance algorithm
Steps: 1. Calculate disordered nodes’ distance
value from the central node within the sliding window.
2. The voting weight of each disordered node is one
over its distance value. 3. Sum up the voting weights
in Step 2. If the value is great than the threshold, then
the central node should be set to disordered, and vice
versa.

Discontinued
region
Protein sequence
Answer
Prediction result

Figure 2. The prediction result contains discontinued
regions which should be smoothed.

Algorithm 1: the disordered-density algorithm
Steps: 1. Calculate the neighbors’ disordered
frequencies of the central node. 2. Divide the above
frequencies value by the window size. 3. If the
quotient is great than the threshold, then the central
node should be set to disordered, and vice versa.

In the disordered-density algorithm, the residues
within the windows have rights to vote the central
residue’s state. When the majority is on the disordered
side, the central residue should be disordered.
Nevertheless, it is not fair for the residues near the
center. Each residue within the window should not
share a equal voting right. The residue which is farer
away from the central residue should have a smaller
voting weight instead of taking the same weight as the
residues near the central residue. Therefore, this
algorithm is named disordered-distance algorithm that
the voting weight is inversely related to its distance to
the central residue. Fig. 4 gives an example.

Sliding window: Win size=9

Table 2. Disordered-density smoothing results
(Window size: 15 Total residues: 21676)
Numbers of change

1110110110111111111111111

Figure 4. The vote result of 1 is great than 0.5, hence the
central node should be set to 1. The calculation would
multiple each node’s distance to the central node.

Threshold

Accuracy

0.1
0.3
0.5
0.7
0.9

84.90%
84.99%
84.73%
84.84%
84.57%

Ordered to
Disordered
1690
1892
974
2140
2454

Disordered to
Ordered
3217
3636
2000
4212
5123

Next, we use the second smoothing algorithm,
“disordered-distance.” Similarly, we change the
window size first. The results show in the table 3.

4. Experimental results
4.1. Program & Experiment environment

Table 3. Disordered-distance smoothing results
(Threshold: 0.5 Total residues: 21676)

We use the C# to develop our system, and it is run
on a PC with 1.83 core duo CPU and 2048 MB
memory. The software that we combined in our system
is LIBSVM [19] for SVM implementation.

4.2. Results
Our SVM program is trained with the above 48
features which contains frequencies features (20),
PSSM position features (20), and side chain properties
(8). At first, we trained and predicted the target
dataset with the following model setting:
Kernel: RBF kernel
Penalty(C): 10
Accuracy calculation: five-fold cross-validation
The prediction result is 84.66%. Next, the different
smoothing algorithms are performed. At first, we
apply the disordered-density algorithm to the previous
prediction. The table 1 lists different setting of
smoothing window size and the smoothing result.
Table 1. Disordered-density smoothing results
(Threshold: 0.5 Total residues: 21676)
Numbers of change

Window
size

Accuracy

7
15
21
31
41

84.74%
84.72%
84.73%
84.76%
84.71%

Ordered to
Disordered
794
166
974
1240
719

Disordered to
Ordered
1590
331
2000
2505
1478

Then, we changed the threshold of disordereddensity smoothing algorithm. The result is presented
in table 2.

Numbers of change

Window
size

Accuracy

7
15
21
31
41

84.65%
84.68%
84.70%
84.69%
84.65%

Ordered to
Disordered
2747
3356
4153
5165
6354

Disordered to
Ordered
5643
6517
7557
8808
10184

Next, we changed the threshold of disordereddistance smoothing algorithm. The result is presented
in Table 4.
Table 4. Disordered-distance smoothing results
(Window size: 15 Total residues: 21676)
Numbers of change
Threshold

Accuracy

0.1
0.3
0.5
0.7
0.9

85.27%
85.31%
85.23%
85.16%
85.11%

Ordered to
Disordered
3024
609
1218
1819
2418

Disordered to
Ordered
4364
887
1761
2630
3493

Finally, we summarized the above parameters’
setting, and found the optimal threshold and window
size should be set to 0.3 and 31. The Table 5 shows
the experiment result.
Table 5. Optimal parameter setting results
(Threshold: 0.3 Window size: 31 Total residues: 21676)
Smoothing
Algorithms
Disordereddensity
Disordereddistance
Without
smoothing

Numbers of change
Accuracy

Ordered to
Disordered

Disordered to
Ordered

85.76%

331

666

85.29%

1773

2582

84.66%

-

-

4.3. Discussion
In the smoothing steps, two algorithms are
performed with different parameter settings. In the
first disordered-density smoothing algorithm, we can
observe that no matter how we change the window
size, the accuracy is still around 84.7%. It is only
better than prediction without smoothing 0.1%. Then
we change the threshold from 0.1 to 0.9, and the result
is better than only change the window size. The best
setting of the disordered-density smoothing algorithm
is that the window size set to 31 and threshold set to
0.3. However, this is not a satisfied result. Therefore,
we develop a second smoothing algorithm, disordereddistance smoothing.
As the parameter setting with disordered-density
smoothing algorithm, we changed the window size of
it in the order of 7, 15, 21, 31and 41. The result shows
that it works the same as the previous disordereddistance smoothing algorithm. Nevertheless, when we
change the threshold value from 0.1 to 0.9, the
accuracy increased to 85%. The best parameter setting
of disordered- distance smoothing algorithm is that
window size set to 21 and threshold set to 0.3.
However, in the disordered-distance smoothing
experiment with different window size, we can observe
that the accuracy of window size 21 and 31 is almost
the same. Therefore, we integrate the two algorithm’s
best parameter setting. We found that the best
parameter setting for these two algorithms is the same
that window size set to 31 and threshold set to 0.3.
The Table 5 displays the optimal parameter setting
experiment results. Specially, the disordered-density
algorithm improves accuracy from previous
experiment result of 84.76% to 85.76%.
After these smoothing steps, we can improve the
prediction accuracies by 1%. This is benefit to the
final prediction result. In the disordered protein
prediction studies, it’s not a easy work to improve the
prediction result. For instance, the VSL2 predictor of
DisProt only improves 2.1% accuracy since it uses 22
additional features derived from the computationally
expensive PSI-BLAST profiles (PSSM). Thus it can be
seen that our work profit the prediction result.

5. Conclusion
In this paper, we use two different smoothing
algorithms to improve the prediction accuracy of SVM
disordered region prediction. The SVM is trained with
48 features that we combined in our program. The
accuracy of it is 84.66%. By performing the smoothing
algorithm, almost 1% accuracy is improved. This

could be helpful for the discontinued prediction result
for different prediction models. In addition, the
smoothing steps can be processed in linear time. No
additional computationally expensive steps are taken.
In the future, we will also apply structure features to
improve the smoothing result. For example, the
protein secondary structure information within the
sliding node to smooth the central node.
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Abstract
This research intended to use the SVM to predict
the protein disordered region. Nevertheless, the feature
set used in this paper is about 440. Both time and
calculation complexity is enormous for the support
vector machine (SVM) training and testing. So this
paper proposed a hybrid feature selection model to
decrease the dimensionality of feature sets. Filter and
wrapper feature selection models are combined to
improve the SVM’s predictability and decrease the
processing complexity. Three main procedures are
taken to remove irrelevant features and improve the
prediction accuracy at the same time. The results show
that the proposed hybrid mechanism is useful.
Keywords: Feature Selection, Filter, Wrapper, Support
Vector Machine, Protein Disordered Region Prediction

1. Introduction
Classification in the area of bioinformatics is not an
easy task. Due to the “wide” date set, gene and protein
classification problem are always performed with
hundreds or even thousands of features. To improve the
processing time, the prediction accuracy, and the
memory usage, feature selection model is needed.
However, there is always a problem with features
selection. The fast feature selection model wouldn’t
provide a good result such as filter model [1]. On other
hand, good feature selection result doesn’t come fast
such as wrapper model [1]. This paper aims to improve
the accuracy of filter model while improve the speed of
wrapper model. A hybrid feature selection model is
proposed here to solve the protein disordered region
problem [2].
Disordered protein prediction is a special issue on
protein structure prediction. It’s not like the secondary
protein prediction [3]. Much information should be
provided for learning machine to make more accurate
prediction.
The definition of disordered regions of a protein is
that some part of a protein could not be fixed in shape.
According to the central dogma of structural biology,
the function of a protein is determined by its three-

dimensional structure. In the past views, these regions
were thought to be useless or harmful while doing the
protein crystal experiment. Also these regions are
considered to be no function due to its unfixed shape.
Even so, recent studies proved that these regions have
special functions as signal controlling or regulator roles
and this kind of region is defined as “disordered region.”
In this paper, we use the SVM [4] to predict the
disordered region. However, due to much information
is applied while processing the prediction, the feature
set is in a big dimension. This may cause two
disadvantages. First, the training and testing time
would be wasted for SVM to calculate these features.
Second, some additional features would be taken as
noise while doing the training and testing and this may
decrease the prediction accuracy.
The rest of the paper is organized as follows.
Section 2 introduces the related work. Section 3
describes the hybrid feature selection model. Section 4
presents the leaning model SVM and feature set.
Section 5 lists the experimental results. And finally
Section 6 draws the final conclusion.

2. Related work
In the past researches, feature selection models are
applied on classification issues in order to select the
most simplify feature which make classifier more
accurate and faster. Some specific issues are always
processed with a large number of features. For instance,
microarrays [5], transaction logs, and web data are very
“wide” datasets due to their huge amount features.
In general, according to the result of feature
selection, two types of feature selection models are
chose. One kind of research only care about the error
rate of classification result, they would choose the
feature extraction model as feature selection procedure,
such as principal component analysis [6], singularvalue decomposition, manifold learning and factor
analysis. This kind of feature extraction model would
transform the current feature space into a different
feature space. The new feature space may smaller than
the original one and has better resolution ability, but it
lose the explain ability from the original feature set.

Another kind of feature selection method are focus
on the explain ability from the original feature set. Two
aims should be noticed, that is fast for classification
and small features to process. In 2006, Jinjie et al. [7]
use a filter approach to process the feature selection on
mutual information. In their point of view, two types of
input features that are perceived as being unnecessary,
that is features completely irrelevant to the output
classes and features redundant given other input
features. By using the mutual information test on
features V.S. classes and features V.S. features, feature
selection procedure is done. This is from the concept of
information theorem which analyzes the relationship
between features and classes to remove the most
related (redundant) features or the most irrelative to the
class. In their research, a greedy feature selection
algorithm is proposed and performs an acceptable
approach.
Another filter work is done by C. Deisy et al. [8].
They use the analysis of symmetrical uncertainty which
is performed by information gain. By calculating the
difference between the entropy of whole class and
features, features with less information could easily be
found.
In additional, some feature selection methods are
based on the features’ discrimination ability. For
example, Yi-Wei Chen and Chih-Jen Lin [4] use the Fscore to perform the feature selection. In their work,
they combine SVM as the feature set performance
measurement.
Although the above filter model process very fast,
the prediction accuracy of classification is not always
acceptable. From the filter concept, the features with
strong relationship would be taken as redundant and
single feature performs irrelevant to the class also
thought to be useless. In a traditional filter model,
learning machines are not applied to test the classifier’s
accuracy in the feature generation steps.
The wrapper model is based on the learning
machine’s accuracy. Therefore, it’s time consuming to
test the feature sets’ performance. Nevertheless, it’s
beyond any manner of doubt that the final prediction
result is success on accuracy.
Lars Backstrom and Rich Caruana [9] present an
internal wrapper feature selection method for Cascade
Correlation. The internal wrapper feature selection
method selects features at the same time hidden units
are being added to the growing Cascade Correlation net
architecture.
In the above feature selection researches, filter and
wrapper models are applied separately. To take the
advantage of the speed of filter and the accuracy of
wrapper, this paper proposed a hybrid feature selection
procedure. Filter models are applied as the preliminary
screening step. Two filter models’ selection result

would be combined in the next stage. Finally, a
wrapper model is performed to raise the accuracy of
classification. The next section would describe the
detail of it.

3. Hybrid feature selection
3.1. Wrapper and filter model
There are two kinds of feature selection model,
filter and wrapper. Filter model are applied on those
who with high dimension feature set. For instance,
gene selection or text category is in a high dimension
over hundreds of features. The definition of filter is
described as Fig. 1.
No
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Figure 1. Filter model

In the process of filter flow, the feature set should
be generated first. Then this feature set would be
measured its efficiency. Several kinds of methods are
provided to solve this issue. For example, the
information gain and mutual information are applied.
Next, the selected features would be tested in the phase
two.
Fig. 2 presents the wrapper model. Unlike the filter
model, the wrapper model combines a learning
machine to measure the selected feature set. Because
the learning machine could generate the accuracy result,
the measure standard is based on the prediction error
rate. Therefore the testing result would be better than
filter model which only analyzes the redundancy or
relevancy between features. On the other hand, the
benefit of wrapper is also the disadvantage of it.
Because of the learning model, the process time of
wrapper will be wasted for training and testing.
The key points of wrapper model are on the feature
generation and learning algorithm parts. The feature
generation step just like the searching procedure. The
fast the best feature set generates, the processing time
of wrapper would be saved. Hence there are several
searching model applied in this field, such as brute
force method, branch and bound, sequential
backward/forward search, and sequential floating
search method. The second key point is the learning

algorithm. Neural networks, basin networks, and SVM
are often applied on different wrapper issue.

section 3.4. Finally, section 3.5 will introduce how the
fine tuning works.
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Figure 2. Wrapper model

Final feature set

From above description, we can summarize the
comparison of filter and wrapper model as Table 1.
Table 1. Comparison between filter and wrapper

Comparison
Filter
Wrapper
Processing time
Fast
Slow
Accuracy for classification
Depends
High
Rely on data features
Yes
No
Depend on learning
No
Yes
methods
The processing time of filter model is faster than
wrapper model, but the classification accuracy of filter
is not as high as wrapper model. Therefore, in this
paper we combine the benefit both of filter and
wrapper model. Next, we will describe the system
architecture.

3.2 System Architecture
Filter model works fast, but it’s not good for our
classification result. Hence, we can consider it as the
preprocess procedure. Let it works really as the “filter”
step to remove part of redundant features. Wrapper
works slow, but it’s good for the classification result.
We let it be the post-process procedure to improve the
classification accuracy. Here we use two different filter
models as the preprocessing model which contains Fscore, information and mutual information. As for the
wrapper model, we choose the sequential floating
search method. Fig.3 is our system architecture. It can
be departed into three main steps. The first step is
preliminary screening which contains two filter feature
selection methods. The second step is feature sets
combination, and there are several ways to combine.
For example, intersection, union or weighted model to
combine the feature sets. The third step is fine tuning.
It works with the wrapper model to improve the
classification result. In the following sections, the
preliminary screening would be presented in section
3.3. Next, the combination model is described in

Figure 3. System Architecture

3.3. Preliminary screening
In this paper we use two kinds of feature selection
methods as the preprocess procedure. F-score and
information gain both have its benefit and disadvantage.
Hence we combine their result for the best benefit.
F-score feature selection method is based on a
simple concept which measures the discrimination of
two sets of real numbers. Eq. 1 shows the calculation of
F-score.
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and xi are the average of the ith feature of
the positive, negative and whole data sets. n+ and n- are
the number positive and negative instances.
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xk,i and xk,i are the ith feature of the kth positive instance
and the ith feature of the kth negative instance.

F-score is very simple and easy to perform. The
result of it is also acceptable. However, it only
measures the discrimination ability of “each feature”.
Without considering the mutual information between
features, the result of F-score may not be always
correct. The fig.4 present a situation that two features
may perform good discrimination ability if they are
both selected, but in this case, these two features would
be removed because of the bad discrimination ability of
each feature.
+1
-1

Figure 4. Two separable classes in the two dimension space
may not be separated by only observe one feature’s
distribution.

To improve the F-score, we use the information gain
[10]. The information gain is concerned to how much
information each feature could provided. Eq. 2, 3 and 4
are the calculation steps of information gain.
k
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Pi log k
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|D j |
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1
=−
Pi
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Pi log k Pi (2)
i=1

Dji
× Entropy Dji
N

IG Dj = Entropy N − Entropy Dj

(3)
(4)

Subtract the candidate feature’s information from the
whole set’s information and the result is how much the
candidate feature have. The larger information of a
feature, the important it is. To remove the features with
less information, the last feature would also works.
This is from the point of view between features and
class.
In this paper we combine these two feature selection
result as the preprocessing procedure. Table 2 presents
the concept of these two methods.

The reason we choose the SFSM is to avoid the nesting
effects. SFSM is the evolution of sequential backward
search (SBS) and sequential forward search (SFS).
While performing SBS, the useless feature would be
removed one by one. However, there exists an evidence
shows that the bad performance feature could perform
good result while combining other features. This is the
nesting effects. Fig. 6 shows the nesting effect. And the
Fig. 7 presents the architecture of SFSM.

Figure 6. The nesting effects. In the end of SBS, the
remaining features are [X2,X3]. However, the best features
are [X1,X3].

Table 2. The consideration of F-score and
information gain
Feature selection model
Consideration
F-score
Discrimination ability
Relationship
between
Information gain
features and class

Start

Forward Selection

Stop
Criterion

3.4. Combination model
After the filter preprocessing procedure, two feature
subsets are generated. The current issue is how to
combine these features efficiently. Our combination
methods is focus on the features which are not located
on the intersection of feature set1 and feature set 2.
This is because that the features in the intersection part
could be considered as strongly recommend by two
feature selection methods at the same time. Therefore,
the intersection part would be labeled as not be
removed by the next fine tuning step.
Tested by
SFSM

Tested by
SFSM
Intersection
(Conserved)

feature

feature

set 1

set 2

Figure 5. The wrapper model could only test the features
besides the intersection part in the central (the dark part).

3.5. Fine tuning
In this stage, we use the wrapper model to improve
the accuracy of classification. However, this is the most
time wasted part. We use the sequential floating search
method [11](SFSM) to do our final feature selection.

Yes

Stop

No
Backward Selection

No

Test

Yes

Figure 7. Sequential floating search method (SFSM)

4. Learning model and datasets
4.1 Support Vector Machine
In this paper, we use the support vector machine as
the core of wrapper. SVM is based on the SV (support
vector) learning. That means the SVM would not
always compare the prediction target to all the existing
training nodes. In contrast, the SVM selects several
nodes as its SVs, and use these SVs to judge the label
of prediction target.
In the testing stage, the SVM model would use the
SVs to do the prediction. And also, these SVs would
locate on the maximum margin of separation. The
SVM is also rated an excellent classifier in practical
applications. The SVM can handle more complex
nonlinear problems. Fig. 8 demonstrates the maximum
margin between two classes which are separated by the
hyperplane in the SVM model. The H1 and H2 are the
boundaries. And the nodes which are located on these

two lines would be support vectors. Eq.5 demonstrates
how the SVM processes.
H2
H1

amino acids’ side chain properties. They are aliphatic,
tiny, small, aromatic, hydropathy index (KyteDoolittle), polar, charged, and hydrophobic. Hence,
there are totally 440 protein features which are PSSM
(20 values x15 window size=300), statistic values (20),
and side chain properties (8 x 15 window size=120).

5. Experimental results
5.1. Results
Figure 8. The SVM could find out the maximum margin and use the
SVs to predict the prediction targets. The line H1 and H2 are located
on these SVs. (dark circles are SVs).
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In the first preliminary screening procedure, we test
the two kinds of filter model, F-score and information
gain. The result is list in Table 3.
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4.2. Datasets
We use the protein disordered and ordered data to
test our feature selection model. Because in general
database, there is insufficient disordered proteins data
sets for us to train. Hence, we choose the disordered
protein data set from DisProt [12] database which
collect more than 500 disordered proteins and use the
data set from Protein Data Bank (PDB) [13] database
as ordered protein sets. Taking data sets from the both
database may avoid the unbalanced training problem.
Finally, 119 protein sequences are collected and there
are totally 21676 residues.

4.3. Feature sets
In this paper, we use three types of protein features
which contain (1) position-specific scoring matrix
(PSSM) [14] scoring matrix value, (2) statistic analysis
on current sliding window of protein sequence, and (3)
side chain properties of each amino acid in the protein
sequence.
The PSSM scoring matrix is calculated by PSIBLAST tool automatically, a sequence with length of
N may map to a size of N x 20 matrix which contain
the conserving information of current protein’s family.
Therefore, we take the result of PSSM for each node
with 20 features which are the scores of 20 kinds of
amino acids.
Next, we calculate each amino acids frequency
within a predefined window size. This information
gives the distribution of amino acids within a position’s
neighborhood. There are totally 20 kinds of amino
acids of a protein. Therefore the number of statistic
features is 20.
Finally, each amino acids side chain properties
should also be considered. In this paper, we collect 8

Accuracy
(5-fold
cross
validation)
82.75%
82.12%
81.58%
82.87%
80.66%

In this procedure, the threshold setting is resolved
from a grid process. We can observe that the original
prediction accuracy is almost equal to the result of Fscore (threshold: 0.0001) and IG (threshold: 0.001)
with removed features of 152 and 120, respectively. To
remove these features, the core of wrapper may
perform faster. In this procedure, the preliminary
screening just works as a feature filter to remove the
additional features and also keeps the prediction
accuracy.
Next, the feature sets generated by previous
procedure need to mix together. Table 4 shows the
selected feature relationship between the F-score and
IG.
Table 4. Feature set comparison between F-score
and IG
Relationship
Total feature set
F-score∪IG
F-score∩IG
(F-score∪IG)- (F-score∩IG)

Amount
440
355
253
102

From Table 4, the combination procedure performs
as following. There are 253 features (F-score ∩ IG)
which would not be removed by the next wrapper
process, and only 102 feature ((F-score∪IG)- (F-score
∩ IG)) would be considered in next fine tuning
procedure. This may greatly decrease the wrapper’s
process time, and limit the testing feature. In the end,
the wrapper will work faster.

Here, we also list the prediction result of (F-score∪
IG) and (F-score∩IG) in Table 5.
Table 5. The prediction accuracy of combination
Relationship

Dimension

F-score∪IG
F-score∩IG

355
253

Accuracy (5-fold
cross validation)
82.71%
81.96%

From Table 5, we can realize that the accuracy of
next wrapper procedure would not less than 82.71% (Fscore∪ IG). Due to the worst case in the next fine
tuning procedure is to select the entire remaining
feature (355) and there are only two kind of result,
better or equal than 82.71%.
Table 6. Fine tuning result (processed with SFSM)
Dimension of feature space
350
345
335
325

Accuracy
(5-fold cross validation)
82.72%
82.71%
82.67%
82.55%

Table 6 shows that fine tuning actually keeps the
accuracy. By taking the SFSM, 115 features are
removed and the prediction accuracy is maintained at
82.55%.

5.2. Discussion
From the results in Subsection 5.1, successful
feature selection is performed. By taking three main
steps, features are reduced and process time is also
saved. The concept of these procedures came from the
genetic algorithm. At first, in genetic algorithm we
have to generate the feature set, and that is the first
preliminary screening work in this paper. Next, all the
selected features would be put into a pool which will be
tested and mutated repeatedly. Our second procedure is
to limit the mutation of the feature set. Finally, the fine
tuning works as the fitness function and also remove
feature in advance.

6. Conclusion
In this paper, we propose a hybrid feature selection
model which combines the filter and wrapper model.
Three main procedures are performed, preliminary
screening, combination model, and fine tuning. In the
first preliminary screening procedure, two filter models
are applied. F-score test the discrimination ability of
each feature. However, features in one dimension with
low discrimination ability do not mean that it cannot
perform good discrimination ability with other features
in high dimensional spaces. To solve this problem, IG
is applied in this paper. From a different point of view,

IG only care about how much entropy difference is
when removing features. Hence, we combine both the
result of F-score and IG. In the combined model, we fix
the range of feature set variation. Therefore, the last
fine tuning procedure with the wrapper model would
perform faster and at the same time maintain the
prediction accuracy.
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ABSTRACT
Determining the structure of a protein is not an easy task which usually involved a time-consuming and costly process in the
web lab. Using computational methods to predict a protein’s tertiary structure from its primary structure (the amino acid
sequence) is desirable. Disordered regions are segments of a protein that do not have a fixed conformation, which makes the
structure prediction much harder. Also, these disordered regions are functionally important for a protein. In this research, we
would like to identify such regions with a focus on selecting a proper feature set. Three feature selection methods, namely Fscore, information gain, and K-medoids clustering, are used for feature selection. The support vector machine is then used for
classification. The results show that the classification accuracy can be raised with a smaller feature set. The K-medoids
clustering feature selection can reduce the number of features from 440 to 150 and improve the accuracy from 84.66% to
86.81% in five-fold cross validation. It also has a more stable performance than F-score and information gain.
Keywords: Disordered protein region; K-medoids clustering; Feature selection; Proteomics.

INTRODUCTION
In proteomics, a proteins’ function is always related to
its structure. This is the central dogma of structural
biology. The definition is that the function of a protein
is determined by its three-dimensional structure. A
protein is composed of 20 kinds of amino acids. Each
amino acid has different attributes such as aliphatic,
tiny, small, aromatic, hydropathy index, polar, charged,
hydrophobic, and etc. Because of these different
attributes, the structure of a protein has a distinct
conformation. For example, fully folded, collapsed, and
extended.
However, in some special cases, some parts of a
protein may not have a fix conformation. That means
some parts of a protein fail to self-fold into a fixed 3D
globular structure. These parts are called disorder
regions. In traditional view, these regions do not have
any function with it. Nevertheless, lots of new
evidences show that there indeed exist important
characteristics in these regions. For example, the signal
controlling or regulating function is usually found in
these regions. Since there is not a fixed conformation of
disordered regions, these parts can work as the “hub”
for their flexible structure characteristics.
Disordered regions often contain short linear peptide
motifs, and these regions cause disordered proteins
partially or fully unstructured. Moreover, various major
protein conformational diseases are caused by
disordered proteins such as synuclein, tau protein, and

prion protein.
The protein disordered regions have been collected
and stored in several online databases. The protein
structure database, protein data bank1 (PDB), records
these unstable regions in its conformation files as
REMARK-465 which contains the position and the
length of each amino acid segment. The database of
protein disorder regions, DisProt2, also collected more
than 400 disordered proteins and about 1000 disordered
regions.
Various instruments are used to identify the
disordered regions, such as nuclear magnetic resonance
(NMR) spectroscopy3, X-ray crystallography3 and
circular dichroism5. Nevertheless, through these wetlab experiments, it takes a lot time, money and
manpower. Thus it is desirable to use a computational
method to identify the disorder regions of a protein.
The current trend is to use machine learning
technologies to discover the disordered regions of
proteins. The most used models are neural networks,
Bayesian networks, and support vector machines
(SVMs)6,7. The inputs to these machine learning
models are the attributes of the amino acid sequence of
a protein and the output is the binary classification of
disordered regions. With proper training, these
machine learning models could predict the disordered
regions. However, from previous researches, some
limitations of disordered regions prediction were found
while using these machine learning models. First,
various forms of disordered regions cause the prediction
rate not as high as expected. Next, the number of

1

samples for disordered regions is quite limited and not
enough for training machine learning models. Also, a
lot of features need to be considered, which would
result in a long training phase. Hence, it is an
important issue to reduce the feature number and also
to find out the critical features for the protein disorder
region recognition. The feature selection mechanism is
a useful technique to solve this problem. Not only the
noisy features would be removed, but also the most
problem-related features would be retained. Besides,
after filtering out unnecessary or redundant features,
the prediction accuracy would be improved.
In 2006, besides the tertiary structure predictions and
high resolution models, the Protein Structure Prediction
Center’s8 CASP7 experiments also held a competition
of disordered regions prediction. The aim of it was to
establish the current state-of-the-art in protein structure
prediction. From CASP5 in 2002, the organizers
wanted to know if protein disorder is predictable.
Finally, several researches showed that it is predictable
but the predication accuracy is not always satisfied.
The distribution of predicting target proteins is that
6% are disordered residues and 94% are ordered
residues. In addition, disordered regions on terminus
are common. This kind of disordered regions is very
short (less than 30 residues) and not easy to predict.
The first predictor for disordered proteins was by
Williams (1978) 9. It was found that the abnormally low
charge/hydrophobic ratio of the two disordered proteins
is essential for prediction. Uversky et al.10 did the same
analysis, but on a much larger set of proteins in 2000.
They also made a list of disordered propensities for
each amino acid. Nowadays researchers still can use
this important information to boost prediction accuracy.
The renowned software, GlobPlot 211, also listed
several tables of amino acid’s disordered propensities
which were computed according to statistics of
Russell/Linding,
B-factors,
REMARK-465,
Deleage/Roux, Hopp-Woods hydrophilicities12, and
Kyle-Doolittle hydrophilicities13. Users can choose one
of the above statistic methods to make a prediction. On
average of the experiments, the specificity is about 88%.
The prediction can be calculated and reported on a web
page.
Neural networks were used to predict disordered
proteins as well. A software tool called RONN14
(regional order neural network) was one of the
successful predictors. The model was based on
alignments to an ensemble of sequences of known
folding states. A distinguishing feature of the approach
is that individual amino acid and sequence are not
represented in an arbitrary feature space according to
known properties. Rather, distances (determined by
sequence alignment) from a subset of wellcharacterized prototype sequences are calculated and
training of the neural network is performed in this
distance space.

The neural network model is called bio-basis
function neural network (BBFNN). It used the concept
of non-gapped homology alignment to maximize the
alignment score between pairs of sequences in a
predefined window size. In advance, the recognition of
a property is then based on the statistical relationships
between a query and the prototypes. As a result, the
accuracy is heavily affected by the relative frequencies
of the two classes. For example, if 90% of residues are
ordered then randomly classifying 90% of residues as
ordered will give an accuracy of 0.82 for an algorithm
that actually only identifies 10% of disordered residues.
Another good work was Dunker’s investigation DisProt in 2006.15 Two main models were made to
detect not only the long (>30 residues) disordered
regions but also the short (≤30 residues) disordered
regions. Most of the existent software tools could not
handle the short disordered regions well due to lack of
information. The reason of Dunker’s success was that
more information was included into the system. Input
data were trained along with 54 features which contain
amino acid sequences features, sequence profiles, and
secondary structure prediction results. At last, the
prediction accuracy exceeded 85%. Moreover, the
prediction accuracy of short disordered regions (<30
residues) was about 81%.
This research collected 48 attributes related to the
disordered region prediction problem for a segment of
the amino acid sequence. To predict a certain position
in the amino acid sequence is disordered or not,
information from neighboring amino acids is also
needed. We chose a sliding window method with a
window size of 15. The 48 attributes can be further
encoded into 440 features. Feature selection is then
used to examine the 440 features. Three feature
selection techniques are used for removing redundant
features. They are F-score, information gain, and Kmedoids clustering. Among them K-medoids clustering
is novel in feature selection, which also is proven to be
the best in our experimental results. With feature
selection, essential features for disordered region
prediction are retained. Finally, the selected features
are input into a learning machine for classification. In
this research, we use the support vector machines
(SVMs). Actually, there are several successful cases
which also apply the SVMs as their learning model. 16
In the experimental results, the K-medoids clustering
method reduced the number of features from 440 to 150,
while the classification accuracy by the SVMs was
raised from 84.66% to 86.81% in a five-fold cross
validation test. This demonstrates the usefulness of
feature selection in protein disordered region prediction.

2

METHODS
Disordered Protein Feature Collection
For disordered protein prediction, this research
collected three kinds of attributes. The first one is
protein sequence composition. As we know the protein
is composed by amino acids. For 20 kinds of different
amino acids, their properties are totally different. Some
of them would construct a strong linkage when they
meet each other. Some of them would stay away from
water due to their hydrophobic property. Hence, the
composition of amino acids has a strong relationship
with their protein structure and even the disorder
region can be affected by it. Therefore, the target
proteins’ composition should be analyzed. Here, we
calculate the target proteins’ occurrence frequencies in
a predefined window. While the target proteins’
primary structure information is input, the 20 kinds of
amino acids’ frequencies should be calculated as the
first 20 attributes.
Frequencies of amino acids might satisfy protein
secondary structure prediction, but are not enough for
disordered proteins’ prediction. Because the frequencies
features only provide the ensemble information, the
individual position information is not concerned.
Consequently, the position data also have to be added
in the prediction program. However, only one target
protein’s position information is not sufficient. Since
proteins would mutate in the natural environment, and
we can find several close family proteins which have
similar region conformation. These same family
proteins may have similar structure and functions. If all
proteins of the same family can be collected and an
ensemble analysis is performed, the position
information is much more useful than only one
protein’s position information.
Nevertheless, to describe a set of proteins’ position is
not an easy work. In this paper, we use the positionspecific scoring matrix (PSSM) 17 which is performed
by several steps. Firstly, by querying the target protein
against the selected database, the closest family proteins
would be found. Next, multiple sequence alignment is
performed and the position of the selected protein set
can be calculated. The PSSM also calculates the loglikelihoods of the substring under a product
multinomial distribution which is very useful for
disordered protein prediction. Finally, we obtain a
PSSM matrix data with a protein sequence. In this
matrix, each inputted amino acid retrieves 20 values,
and this is the second kind of attributes in our data, 20
PSSM attributes.
According to the past disordered region studies9,
only sequence’s physical information is not sufficient.
Some specific side chain properties of an amino acid

should also be included in the prediction system. From
previous studies, amino acids’ side chain properties
would really affect a protein’s conformation. In this
paper, several amino acids’ side chain properties are
listed. They are aliphatic, tiny, small, aromatic,
hydropathy index (Kyte-Doolittle), polar, charged, and
hydrophobic, and this is the last 8 attributes included in
our prediction data.
Fig. 1 shows the 48 attributes for feature collection.
Among them, PSSM and side chain properties are for a
single amino acid, i.e., a position in a protein sequence.
To include the sequence information, we use a sliding
window technique to monitor the relationship of
current amino acid and its neighbors. Here, a sliding
window with a size of 15 is used and information of
neighboring seven amino acids of the current amino
acid on both sides is encompassed. PSSM and side
chain properties of the 15 amino acids in the window
are the features to be used, which results in (20+8) ×15
= 420 features. The statistical features are originally
analyzed for a segment of the protein sequence, so it
does not need to be multiplied by the window size 15.
Totally, 440 features of one amino acid position in the
sequence are used in our experiments.

Fig. 1 48 Collected attributes

Feature Selection
Feature selection is a major technique to improve the
classification efficiency. To select the most class-related
features is not an easy work. Sometimes feature
selection is applied on different researches besides
classification, for example, gene selection 18. For feature
selection, there are two kinds of feature selection
models, filters and wrappers19. These feature selection
models are widely applied to different problems. For
those applications with a large feature set that need to
lower the feature dimensionality quickly, the filters are
the most suitable model. From the viewpoint of the
information theory, the information of a set of features
could be calculated by various statistical methods, and
that is the core of the filter type of feature selection
methods. Because of the fast calculation, filters are
often applied to high dimensional feature selection. As
shown in Fig. 2, the filters have three main stages:
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feature set generation, measurement, and test by a
learning algorithm. For the feature set generation, it
will generate a feature subset. Next, the measurement
step is performed which measures the information of
the current feature set. While the result does not meet
the stopping criterion, the above steps will be
performed repeatedly. In this step, the stopping
criterion could be the threshold of the measurement
results. Before the result reaches the threshold, a new
feature set would be generated and the measurement
would be executed again. Hence, the final feature set
would contain the most informative features. Finally, it
will perform the testing step by a learning algorithm,
like the SVM. The final result includes the testing
result of the selected features.
Original
features

Feature set
generation

Measurement

No

Selected
features

Stopping
criterion

Test by a learning
algorithm

respectively; and xk( ,i) and xk( ,i) are the ith feature of the
kth positive instance and the ith feature of the kth
negative instance.
From Eq. (1), the larger F(i) is, the stronger
discriminative ability the feature has. This attribute of
F-score is very suited for the SVM, because the SVM
also tries to find an optimal hyper-plane to separate two
classes. However, there exists a serious problem with Fscore. That is, the F-score can only examine the
discriminative ability of each individual feature. It
cannot identify the discriminative ability of two or more
features.

2. Information Gain (IG)
IG is another filter kind of feature selection. It chooses
those candidate features with a larger amount of
information. IG concerns how much information each
feature can provide. Eqs. (2), (3) and (4) are the
calculation steps of IG.
k
k
1
Entropy(N)=  Pi log k ( )   Pi log k Pi
Pi
i 1
i 1

Yes

Dj

Entropy(Dj ) = 

D ji

 Entropy(Dji )
N
IG(D j ) = Entropy(N)- Entropy(Dj )

(2)
(3)

i 1

Fig. 2 The filters
The working procedure of wrappers is the same as
that of the filters except that the measurement stage is
replaced by a learning algorithm. This is the main
reason that the wrappers always operate very slowly. In
this research, the filters are mainly used to maintain a
reasonable computation time in the feature selection
process. Three kinds of filters for feature selection are
used individually for disordered region prediction. They
are F-score, information gain, and k-medoids
clustering20.

1. F-score
F-score is a filter model which calculates the
discriminative ability of each feature. That is to say,
features with higher F-scores have better separation
ability in classification of the domain problem. This is a
very essential characteristic. Eq. (1) presents the
formula of F-score.
()

F (i) 

()

(xi  xi )2  (xi  xi )2
()
()
1
n
1
n
( x ()  xi ) 2 
( x ( )  x i ) 2


k  1 k ,i
k 1 k , i
n  1
n  1
()

( )

(1)

where x i , x i and x i are the average of the ith
feature of the positive, negative and whole datasets; n+
and n- are the number positive and negative instances,

(4)

In Eq. (2), Pi is the probability of class i, which appears
in all N points of data, and this equation calculates the
information of all classes. As for Eq. (3), Dji means
that the jth feature contains i kinds of different values.
The Eq. (4) derives the IG of the jth feature by
calculating the difference of Eqs. (2) and (3).

3. K-medoids clustering feature selection
K-medoids clustering feature selection is based on the
idea of clustering, with which similar features would be
grouped together. Here, we use the clustering concept
as the redundant feature removing model. For those
similar features, they would be taken as redundant
while processing the classification procedure. Therefore,
to keep the medoids (centroids) of clusters as the
selected features would reduce the classification time
and also remove redundant features.
Clustering is one of the most widely used models for
exploratory data analysis. Practically, clustering finds a
structure in a collection of unlabeled data. We can use
this mechanism to group features into different clusters.
Those features in the same cluster can be taken as
similar to each other. Thus we can retain only one
representative feature in each cluster. Features other
than the representative one can be seen as redundant
and removed. In this research, we only consider the
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exclusive clustering, and that means each feature can
only belong to one cluster.
There are many kinds of clustering algorithms. For
example, hierarchical clustering, fuzzy C-means,
mixture of Gaussians, K-means, K-medoids and etc…
We chose the K-medoids clustering method to perform
feature selection. It works in the following steps.
(i) Randomly select k of the n data points as the
medoids.
(ii) Associate each data point to the closest medoid.
(iii) For each medoid m and non-mediod data point o.
Swap m and o and compute the total cost of the
configuration.
(iv) Select the configuration with the lowest cost.
(v) Repeat Steps (ii) to (v) until there is no change in
the medoids.
(vi) Remove all the non-medoid data points. The
remained features are the final selected features.

Classification
After the previous feature collection and feature
selection, a machine learning model is used here for the
classification of protein disordered regions. Here, we
apply the support vector machine as the learning model
for classification. The SVM is based on the SV (support
vector) learning. That means the SVM would not
always compare the prediction target to all the existing
training examples. In contrast, the SVM selects several
training examples as its SVs, and use these SVs to
judge the label of the classification target.
In the testing stage, the SVM model would use the
SVs to do the classification. And also, these SVs would
locate near the hyper-plane that causes the maximum
margin of separation. The SVM has been rated an
excellent classifier in practical applications. The SVM
can handle more complex nonlinear problems through
kernel transformation. Fig. 3 demonstrates the
maximum margin between two classes which are
separated by the hyperplane in the SVM model. The H1
and H2 are the boundaries. And the nodes which are
located on these two boundary lines are support vectors.
Eq.5 demonstrates how the SVM processes.

H1

H2

Fig. 3 The SVM could find out the maximum margin
and use the SVs to predict the prediction targets. The
line H1 and H2 are located on these SVs.
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EXPERIMENTAL RESULTS
In this paper, we perform a standard procedure for
recognizing the protein disordered regions. At first, we
collect three kinds of feature sets, and they are statistics
of 20 amino acids, the PSSM matrix, and the side chain
properties. Then, we perform three different feature
selection procedures to reduce the number of features.
Next, a SVM learning process is performed to test the
classification results.
For feature selection, F-score, information gain, and
K-medoids clustering feature selection are performed.
Table 1 presents the best feature selection result (fivefold cross validation) of these three kinds of models.
The K-medoids’ best result is 86.81% with 150 features.
While F-score and IG reach their best results, there are
still 400 remaining features. For the purpose of raising
prediction accuracy while removing redundant features,
both F-score and IG did not do a good job as expected.
Table 1. The feature selection results of 440 features.
(The prediction accuracy of all 440 features is 84.66%)
Method

F-score
IG
K-medoids

Accuracy
(5-fold cross
validation)
82.38%
83.53%
86.81%

Number of features

400
400
150

Because filter mode feature selection would not
guarantee its classification accuracy, and its prediction
result is also not stable. Occasionally filter mode feature
selection methods could get a high accuracy while the
other time gets not so satisfied results. In Table 2, we
made a detail analysis of these three feature selection
models. We compare their self training/testing results
in number of features, accuracy, recall (sensitivity),
precision, and specificity in Table 2. The definitions of
them are in Eq.6.
Accuracy = (TP + TN) / (P + N)
Recall (Sensitivity) = TP / P
Precision = TP / (TP + FP)

(6)
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Specificity = TN/(TN + FP)
where TP, TN, FP, FP, P and N are true positives, true
negatives, false positives, false negatives, (TP+FN), and
(FP+TN). Accuracy is the degree of veracity while
precision is the degree of reproducibility. The recall
measures the proportion of actual positives which are
correctly identified as such and the specificity measures
the proportion of negatives which are correctly
identified. Actually, the reason we list their self-testing
result instead of n-fold cross validation is because the
result of n-fold cross validation may depend on how we
segment the dataset. Therefore, in the following tests,
we use self-testing to avoid the effect caused by
different ways of dataset segmentation.
From Table 2 we can observe that the K-medoids
keeps a satisfied result while we change the number of
features. F-score once reach a very high accuracy in
self-testing. However, F-score gets not so satisfied
results in other tests, and the sensitivity values are not
satisfied. As for IG, the result is not stable. Sometimes
it gets high accuracy results, and sometimes it does not.
Therefore, from this table, we can say that the Kmedoids feature selection model is not only stable, but
also it can produce satisfied results.

importance because of their significant functions such
as signal controlling or regulating. These regions are
also related to some specific diseases. For example, the
mad cow disease is caused by prion disordered protein.
Lots of disordered predictors were developed in the last
few years. Due to the disordered regions are sometimes
short, discontinue, or unrecognizable, the prediction
work is not an easy task. Here, we proposed a feature
selection model to better select critical features and thus
improve the classification accuracy of protein
disordered regions.
In this paper, we compare two feature selection
models, F-score and IG, with our proposed clustering
based redundant feature removing technique, the Kmedoids feature selection model. All three models are
of the filter mode which is more efficient than the
wrapper mode. The K-medoids clustering model can
get stable and satisfied results.
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Abstract: Feature selection aims at finding the most relevant features of a problem domain. It is very helpful in
improving computational speed and prediction accuracy. However, identification of useful features from hundreds or
even thousands of related features is a nontrivial task. In this paper, we introduce a hybrid feature selection method
which combines two feature selection methods - the filters and the wrappers. Candidate features are first selected from
the original feature set via computationally-efficient filters. The candidate feature set is further refined by more
accurate wrappers. This hybrid mechanism takes advantage of both the filters and the wrappers. The mechanism is
examined by two bioinformatics problems, namely, protein disordered region prediction and gene selection in
microarray cancer data. Experimental results show that equal or better prediction accuracy can be achieved with a
smaller feature set. These feature subsets can be obtained in a reasonable time period.
Keywords: Feature Selection, Filters, Wrappers, Support Vector Machine, Disordered protein, Microarray
PACS codes: 89.20.Ff

1. Introduction
The development of feature selection has two major directions. One is the filters (Liu et al., 2005) and the other is
the wrappers (Kohavi & John, 1997). The filters work fast using a simple measurement, but its result is not always
satisfactory. On the other hand, the wrappers guarantee good results through examining learning results, but it is very
slow when applied to wide feature sets which contain hundreds or even thousands of features.
Through the filters are very efficient in selecting features, they are unstable when performing on wide feature sets.
This research tries to incorporate the wrappers to deal with this problem. It is not a pure wrapper procedure, but rather
a hybrid feature selection model which utilizes both filter and wrapper methods. In our method, two feature sets are
first filtered out by F-score and information gain (Quinlan, 1979), respectively. The feature sets are then combined and
further tuned by a wrapper procedure. We take advantages of both the filter and the wrapper. It is not as fast as a pure
filter, but it can achieve a better result than a filter does. Most importantly, the computational time and complexity can
be reduced in comparison to a pure wrapper. The hybrid mechanism is more feasible in real bioinformatics
applications which usually involve a large amount of related features.
In the experiments, we applied the proposed hybrid feature selection mechanism to the problems of disordered
protein prediction (Linding et al., 2003) and gene selection of microarray cancer data (Guyon et al., 2002). The
definition of disordered regions of a protein is the segments of a protein sequence that do not have a fixed
conformation. According to the central dogma of structural biology, the function of a protein is determined by its
tertiary structure. In the past, these disordered regions were thought to be useless or even harmful to structural stability.
However, more and more recent studies showed that these regions have special functions, like signal controlling or
regulation (Ishida & Kinoshita, 2007). To computationally predict this kind of regions requires a lot of information

(features from protein primary structure). As for the gene selection of microarray cancer data, dealing with its
thousands of features is essential. To identify the main disease genes from thousands of other regular genes in the
microarray data, effective feature selection is always very helpful.
In the remainder of the paper, related work is first discussed in Section 2. The proposed hybrid feature selection
mechanism is then delineated in Section 3. The learning model and datasets are introduced in Section 4. The
experimental results are presented in Section 5. Finally, a brief conclusion is drawn in Section 6.

2. Related work
Feature selection methods have been applied to classification problems in order to select a reduced feature set that
makes the classifier more accurate and faster. Some specific problems are always processed with a great number of
features. For instance, microarrays, transaction logs, and web data are all very wide datasets with a huge amount of
features. Here we first review papers about the filters and the wrappers.
Huang et al. (2006) used a filter approach for feature selection based on mutual information. In their point of view,
there are two types of input features perceived as being unnecessary. They are features completely irrelevant to the
output classes and features redundant given other input features. By using the mutual information test on features vs.
classes and features vs. features, feature selection can be done. This is from the concept of information theorem which
analyzes the relationship between features and classes to remove the most related (redundant) features or the most
irrelevant to the class. In their research, a greedy feature selection algorithm was proposed.
Another filter work was done by Deisy et al. (2006). They used the analysis of symmetrical uncertainty with
information gain. By calculating the difference between the entropy of the whole class and the features, features with
less information can easily be identified. In addition, some other feature selection methods are based on the features’
discrimination ability. For example, Chen and Lin (2003) used F-score to perform feature selection. In their work, the
support vector machine (SVM) was used as the feature set performance measurement. The F-score analyzes the
decimation ability of each feature. Owing to the SVM also tries to find a separation hyper-plane to divide different
classes’ data apart, the F-score may helpful for SVM to remove some features of low decimation ability.
Backstrom and Caruana (2006) presented an internal wrapper feature selection method for cascade correlation. The
internal wrapper feature selection method selects features while hidden units are being added to the growing cascade
correlation network architecture. Liu et al. (2008) developed a wrapper-based optimized SVM model for demand
forecasting. At first, wrappers based on the genetic algorithm are employed to analyze the sales data of a product.
Then the selection result is applied to build a SVM regression model.
Next, two bioinformatics problems were tested in this research. One of the major inventions in biology is the
microarray technique. Disease classification based on gene expression data from microarray is very important. This
topic is also related to feature selection. Classification without feature selection would certainly affect both the
processing time and the classification accuracy. When the microarray cancer data classification is performed, genes
related to this particular cancer can also be identified through feature selection. Each gene on the microarray chip is
considered as a unique feature.
For the gene selection problem, the goal is to select a few important genes from thousands of genes. Thus, feature
selection would be an essential step. Vapnik et al. (2002) applied the SVM to investigate the gene selection problem,

and it was found that 16 to 64 genes are able to get the best accuracy in acute myeloid leukemia (AML) and acute
lymphoblastic leukemia (ALL) cancer classification problems. Cho and Ryu (2002) compared seven feature selection
methods in AML and ALL datasets. They selected 30 genes from 7,129 genes, and the best accuracy was 94.1%.
Zhang et al. (2003) investigated a microarray expression dataset without feature selection. They listed nine advantages
and limitations of the SVM on this problem. Fujibuchi and Kato (2007) discussed three classifiers and six kernels in
AML and ALL problems. Their method can achieve 97.8% accuracy with a complete feature set. Cho and Won (2007)
used another classifier to predict the same problem, and they found that the same feature numbers (around 25 to 30, as
the paper they proposed earlier (Cho & Ryu, 2002)) can also achieve the best accuracy of 97.1%.
Another bioinformatics problem studied in this research is the protein disordered region prediction.

The first

research on disordered proteins prediction was done by Williams (1978). They noticed the abnormally low
charge/hydrophobic ratio for the two disordered proteins, and used this special property for prediction. Uversky et al.
(2000) did the same analysis but on a much larger set of proteins in 2000, and produced a list of disordered propensity
for each amino acid. Peng et al. (2006) developed the VSL2 disordered region predictor which used an output
smoothing procedure for its prediction result. The smoothing algorithm is based on calculating the average of raw
predictions for neighboring residues within an output window of a size of 61 to remove obvious misclassifications of
discontinuous results.
The above-mentioned studies on both problems used some filters and/or wrappers for feature selection. For
microarray expression data classification, several approaches were done with different filter models. However, the
filters could not guarantee the best result and it only utilized the information of each feature. On the other hand, the
wrappers pursue higher prediction accuracy through a machine learning model. However, wrappers cannot be tried in
microarray cancer data classification, because the computational time and complexity would be unacceptable. Also for
the disordered region prediction problem, lots of features need to be considered. Hence, feature selection of disordered
protein data is also important for reducing its number of features. Feature selection not only can point out critical
features, but also can decrease the noisy (unrelated) features from the original feature set.
In this research, a hybrid feature selection mechanism was used to solve the two problems. The mechanism takes
advantage of both the efficiency of filters and the accuracy of wrappers.

3. A hybrid feature selection mechanism
3.1 Filters vs. Wrappers
From the viewpoint of the information theorem, the information of a set of features could be calculated by
various statistical measures, and that is the core of the filter type of feature selection methods. Because of the fast
calculation, filters are often applied to feature selection in high-dimensional data.
As we can see in Fig.1, the filters have three main stages: feature set generation, measurement, and tested by a
learning algorithm. In the feature set generation stage, a feature subset is generated. Next, the measurement step is
performed, which measures the information of the current feature set. While the result does not match the stop
criterion, the above steps will be performed repeatedly. In this step, the stop criterion could be a threshold of the
measurement results. When the result has not reached the threshold, a new feature set would be generated and the

measurement would be performed again. Hence, the final feature set would contain the most informative features.
Finally, the testing step is proceeded by a learning algorithm, like SVMs or neural networks (NN).

The result

includes the testing result of the selected features.
Fig.2 presents the working procedure of wrappers. It is the same as that of the filters except that the measurement
stage is replaced by a learning algorithm. And this is the main reason that the wrappers always perform slowly. On the
other hand, owing to the learning algorithm, the wrappers could achieve better feature selection results in most cases.
For the stopping criterion, when the result starts to get worse or the number of features reaches a predefined threshold,
the procedure stops.
Table 1
The comparison of the filters and the wrappers
Items

The filters

The wrappers

Processing speed

fast

slow

Classification accuracy

depends

high

Depend on learning methods

no

yes

Table 1 lists the pros and cons of the filters and the wrappers. The filters process quickly, but their results are not
always acceptable. The wrappers have high classification accuracy, but process slowly. In addition, the filters calculate
the information from features; therefore, its feature selection results will depend on the measured information of the
features. The wrappers use the learning algorithm for the judgment; hence, their classification result is biased by the
learning algorithm.
In this study, we propose a new feature selection mechanism which utilizes the advantages of both filters and
wrappers. By combining the filters and the wrappers, we not only can improve the classification accuracy of pure
filters, but also decrease the processing time of pure wrappers.
3.2. Hybrid feature selection
Fig.3 shows the hybrid feature selection procedure. Two filter models were chosen as the preliminary screening
to remove the most redundant or irrelevant features. F-score and information gain are the core of preliminary
screening. These two resulted feature sets are combined together as the preprocessed feature set for fine tuning. This
step is called the combination model. Finally, the wrapper model is applied to improve the classification accuracy, and
this is the fine-tuning step. The following subsections describe these three critical steps in detail.
3.2.1. Preliminary screening
In the first step, we chose F-score and information gain to remove redundant and irrelevant features. F-score is a
novel filter model which calculates the discriminative ability of each feature. That is to say, features with higher
F-score have better separation ability in classification problems. F-score is defined in the following equation.
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From equation (1), the larger F(i) (F-score) is, the stronger discriminative ability the feature has. This attribute of
F-score is very suited for the SVM, because the SVM also tries to find an optimal hyper-plane to separate two classes.
However, the F-score can only examine the discriminative ability of each individual feature. It cannot identify the
discriminative ability of multiple features. Hence, features with low scores will be disregarded, even if they are
complementary to the top features and might be very useful.
Therefore, we also used the information gain (IG).

IG is another filter kind of feature selection. It chooses

those candidate features with more information.
k
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IG concerns how much information each feature can provide. Equations (2), (3) and (4) are the steps for
calculating IG. In equation (2), Pi is the probability of class i, which appears in all N points of data, and this equation
calculates the information of all classes.

In equation (3), Dji means that the jth feature contains i kinds of different

values. Equation (4) calculates IG of the jth feature by finding the difference of equations (2) and (3).
Table 2
Strength of F-score and Information Gain
Measure
Strength
F-score

Discrimination ability

Information Gain

Information amount

Table 2 shows the strength of F-score and Information Gain. In our research, we want to take advantage on both
of them. Therefore, we used both F-score and IG in the preliminary screening step of our hybrid feature selection.

3.2.2. Combination
When the preliminary screening procedure is completed, two feature subsets are selected by F-score and IG,
respectively. These features are considered as the most class-related features from all features. Putting all of above
features together as the final feature set may not be a wise decision. Not only the training or testing procedure of the
learning model would take a lot of time, but also the classification accuracy might not be good. The key here is to
effectively combine the two feature subsets. To reduce redundant tests in the fine-tuning step, we divide the union of
F-score and IG’s feature sets into two parts: intersection (AND) and exclusive-OR (XOR). Fig.4 illustrates these two
parts.
Feature sets 1 and 2 are selected by F-score and IG, respectively.

The intersection part of feature sets 1 and 2 is

recommended by both F-score and IG and the features might be conserved in the final feature set. As for the
exclusive-OR part of feature sets 1 and 2, some of the features might be valuable and should be included. Thus, a
fine-tuning step was designed to further test these selected features in both interaction and exclusive-OR parts. The
wrapper procedure with a machine learning algorithm would further examine the features starting from the intersection
part to the exclusive-OR part. The worst fine-tuning result, in respect to feature reduction, is the union of feature sets 1
and 2 (the maximum number of features from the preliminary screening procedure).
3.2.3. Fine tuning
In the previous preliminary screening and combination steps, most redundant and irrelevant features are removed
and useful features are kept for the next fine tuning stage. In this stage, we try to take advantage of the wrapper kind of
feature selection, and that is to use a searching algorithm and a machine learning model to select a feature set that can
result in higher classification accuracy.
The wrappers are not suitable for wide feature set with thousands of features. Owing to the previous feature
reduction procedure, the wrappers can be applied now with less computational effort. The sequential floating search
method (SFSM) (Pudil et al., 1994) is modified to fit the fine-tuning procedure, which can avoid the nesting effect
caused by using only sequential forward or backward search. The working flow of the SFSM is reversed with the
sequential backward search (SBS) performed before the sequential forward search (SFS). The SFSM usually starts
from an empty feature set, but our mechanism starts from the intersection part which already includes a set of
important features.
In Fig.5, the SBS starts with the whole feature set and removes one feature at one time, and then a learning
model would be applied to test its result. It will be performed repeatedly until the stopping criterion is reached. The
procedure stops when the test result starts to get worse or the number of features reaches a predefined threshold. Fig.6
is the SFS which starts from an empty set and adds one feature at a time. For the stopping criterion, when the test
result starts to get worse, the procedure stops.
The original concept of the SFSM is to use the SFS first, which add and test features one by one. When the
learning model’s classification accuracy is decreased, the SFS stops and the SBS is then executed to reduce the
number of features. These steps will perform repeatedly until the stopping criterion is reached. In Fig.7, the inverse
SFSM (iSFSM) is performed as the following steps: (1) The SBS is executed on the intersection part of the

combination model to remove features in this intersection part. In this part, features would be removed if they are not
helpful for the learning result. The SBS removes features until the test accuracy is not increased anymore. (2) The SFS
searches for features in the exclusive-OR part of F-score and IG. Features in this part will be added and tested by the
SFS procedure. It will perform repeatedly until the test accuracy drops. (3) The stopping criterion is checked. If the
test accuracy has stopped increasing, the iSFSM is completed; otherwise, it performs the SBS and the SFS again.
This procedure limits the search region from the whole feature set to the union set of the preliminary screening
results. Also, it starts the sequential floating search from the intersection part, not an empty set or the entire feature set.
These two modifications can greatly reduce the processing time comparing to the standard wrapper procedure.

4. Learning model and datasets
4.1. Learning model
In the fine tuning procedure, the wrappers work with a machine learning model. Different kinds of learning
models can be applied to wrappers. However, different kinds of learning machines have different discrimination
abilities. The SVM keeps training until the separation of classes reaches the maximal margin. Therefore we chose the
SVM as the core of fine tuning. As for the kernel function, the most-used RBF kernel was selected.
The SVM has two main advantages. One is that the SVM can project the original data to a higher dimensional
space through a nonlinear kernel function. An optimal hyperplane can then be determined to separate the data into two
classes. The margin between these two classes is the maximal margin. The other is that the SVM is based on the SV
(support vector) learning. That means the SVM selects data points near the optimal hyperplane as its SVs, and uses
these SVs for further classification. Fig.8 shows the maximal margin between two classes, which are separated by the
hyperplane, in the SVM model. The two dotted lines are the boundaries. And the nodes which are located near these
two lines are the support vectors.
4.2. Disordered protein datasets
We used the protein disordered and ordered data to test our hybrid feature selection mechanism. In general
databases, there are no sufficient disordered protein data in a single database. Thus, we used the disordered protein
dataset from DisProt database (Vucetic et al., 2005), which collected more than 500 disordered proteins, and randomly
selected a dataset from Protein Data Bank (PDB) database (Berman et al., 2000) as ordered examples. Taking datasets
from both databases can avoid the training problem with an unbalanced dataset. Finally, 119 protein sequences were
collected and there were totally 21676 residues.
We used three types of protein features, including (1) position-specific scoring matrix (PSSM) (Altschul et al.,
1990) scoring matrix value, (2) statistical analysis within the current sliding window of the protein sequence, and (3)
side chain properties of each amino acid in the protein sequence. The PSSM scoring matrix can be calculated by
PSI-BLAST (Altschul et al., 1990) tool automatically, a sequence with a length of N is mapped to a matrix of N × 20,
which contains the conserved information of the current protein’s family. Therefore, the result of PSSM for each
position has 20 features which are the scores of 20 amino acids. Next, we calculated the frequency of each amino acid

within a predefined window. This information gives the distribution of amino acids within a position’s neighborhood.
Therefore the number of statistical features is 20 corresponding to 20 amino acids. Finally, side chain properties of
each amino acid were also considered. We collected eight side chain properties. They are aliphatic, tiny, small,
aromatic, hydropathy index (Kyte-Doolittle), polar, charged, and hydrophobic. Hence, there are totally 440 protein
features with a window size of 15. They are PSSM (20 values × 15 window size=300), statistical values (20), and side
chain properties (8 × 15 window size=120).
4.3. Microarray cancer datasets
In this research, we also tried the microarray cancer data classification problem. We used the AML & ALL
(leukemia) dataset and the Lung cancer dataset. These datasets were downloaded from the Kent Ridge Bio-medical
Data Set Repository which stores both experimental values and the gene names.
In total, there are 72 samples in the AML & ALL dataset, each with 7,129 features (genes). Forty-seven of them
are ALL data, and 25 are AML data. In the Lung Cancer dataset, there are 181 samples; each with 12,533 features
(genes). Thirty-one of them are of MPM, and the other 150 samples are of ADCA.

5. Experimental results
5.1. Disordered protein prediction
In the preliminary screening procedure, F-score and information gain (IG) are used to filter the features. The
results are listed in Table 3. In this procedure, the threshold setting is resolved with a greedy process. We can observe
that the accuracies for the two reduced feature sets (82.12% and 82.87%) maintained at the same level as when the
original feature set was used (82.75%). Moreover, the number of features was reduced from 440 to 288 and 320,
respectively. With removal of the features, the core of wrappers for fine tuning can perform much faster. Next, the
feature sets generated in preliminary screening were combined. Table 4 shows the numbers of features with different
combinations.
Table 3
Preliminary screening on disordered protein data
Removed

Final

Accuracy

features

features

(5-fold cross validation)

-

-

440

82.75%

F-score

0.0001

152

288

82.12%

IG

0.01

120

320

82.87%

Method

Threshold

None

Table 4
Combinations of disordered data after screening
Number

Accuracy

of features

(5-fold cross validation)

Total feature set

440

82.75%

F-score∪IG

355

82.71%

F-score∩IG

253

81.96%

F-score XOR IG

102

-

Relationship

There are 253 features in the intersection part (F-score∩IG) which would not be removed in the fine tuning
procedure. The procedure would determine which features of the 102 features in the exclusive-OR part (F-score XOR
IG) should be included. Here, we also list the accuracies of (F-score∪IG) and (F-score∩IG). They are very close to
the accuracy produced by the original feature set. After taking the iSFSM, totally 97 features were added to the
starting feature set of 253 features, which resulted in a set of 350 features and a prediction accuracy of 82.72%. Most
of the features from preliminary screening (F-score∪IG) were kept. This means that the original feature set of 440
features are already very compact for this problem and most features that are not so helpful can be removed solely by
the preliminary screening procedure. However, the fine-tuning procedure still plays an important role in ensuring that
the filters in the preliminary screening procedure have done a good job. Furthermore, although the prediction accuracy
remains about the same, the number of features is reduced by 20.5% (440 -> 350). This certainly will accelerate the
subsequent process for this domain problem.
5.2. Gene selection for microarray cancer data
In the first step, we again tested two kinds of filters, F-score and Information Gain (IG). The results are listed in
Table 5.
Table 5
Preliminary screening on microarray cancer data
Dataset

AML & ALL

Lung cancer

Final

Accuracy

features

(5-fold cross validation)

-

7,129

68.06%

F-score

50

873

98.61%

IG

0.64

1,510

98.61%

-

-

12,533

86.74%

F-score

100

996

99.45%

IG

0.455

1,571

99.45%

Method

Threshold

-

In Table 5, the threshold setting is resolved from a greedy process. Originally, the classification accuracy of
AML & ALL and Lung Cancer datasets were 68.06% and 86.74%, respectively. After the preliminary screening
procedure on F-score and IG, the AML & ALL feature set was reduced from 7,129 to 873 and 1,510, and the
prediction accuracy was improved to 98.61%. As for the Lung Cancer dataset, F-score and IG reduced the features
from 12,533 to 996 and 1,571, and also the accuracy was raised to 99.45%.
Table 6 shows the combinations of features with the preliminary F-score and IG filtering. From Table 6, the
AML & ALL dataset retained totally 2,107 (276 + 1,831) features for further examination by iSFSM. For the Lung
cancer dataset, 2,241 (326 + 1,915) features were left. Next, we list the results after fine tuning in Table 7. The number
of features reduced to 70 for both AML & ALL and Lung Cancer datasets and the classification accuracy was further
improved to 98.61% and 100%, respectively.

For both cancer datasets, 70 genes (features) were picked as most

related to the particular disease. This information is very useful in medicine.

Table 6
Combinations of microarray cancer data after screening
Dataset
AML & ALL

Lung cancer

Relationship

Number of features

Total feature set

7,129

F-score ∩ IG

276

F-score XOR IG

1,831

Total feature set

12,533

F-score ∩ IG

326

F-score XOR IG

1,915

Table 7
Prediction accuracy after fine tuning
Dataset

Accuracy

Relationship

Number of features

F-score ∩ IG

276

98.61%

Best feature set

70

98.61%

F-score ∩ IG

326

99.45%

Best feature set

70

100%

(5-fold cross validation)

AML & ALL

Lung cancer

Finally, Table 8 compares our proposed method with other existing feature selection methods on the AML &
ALL dataset. The result shows that our method resulted in a better result in classification accuracy. It is quite
successful in this example.
Table 8
The comparison with other methods (AML & ALL)
Methods

Accuracy

# of features

Fujibuchi and Kato (2007)

97.8%

170

Cho and Ryu (2002)

94.1%

30

Cho and Won (2007)

97.1%

50

Proposed method

98.6%

70

5.3. Discussion
From the above results, for the disordered region prediction problem, we can see that the feature set of
disordered region is reduced from 440 to 350, while the prediction accuracy is maintained. As for the microarray
cancer data classification problem, our model greatly decreases the number of features from thousands to 70 and the
accuracies are improved to nearly 100%. The natures of the two bioinformatics problems are quite different. The
features of the disordered protein dataset were carefully chosen and there is little room to further remove “unnecessary”
features (though our method still reduced the number of features by 90). On the other hand, the genes on a microarray
chip are designed for general purpose. So for a particular disease, most genes (features) can be disregarded by the
hybrid mechanism. This shows that besides taking advantages of both filters and wrappers, the mechanism can also
serve for various kinds of datasets in feature selection.

6. Conclusion
A hybrid feature selection mechanism was proposed and tested in this paper. The idea is to utilize the efficiency
of filters and the accuracy of wrappers. A three-step procedure including preliminary screening, combination, and fine
tuning, was designed. Preliminary screening and combination can quickly remove most irrelevant features. Fine tuning
then further examines the combined feature set. The hybrid mechanism was applied to two bioinformatics problems:
disordered protein prediction and microarray cancer data classification. The results show that the mechanism is useful
for these two types of feature sets. We believe that it is also applicable to other feature selection problems.
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throughput biological technology, numerous gene
expression data are generated simultaneously. In the
meanwhile, the large amounts of data provide us great
challenges of analysis. Particularly, one of the major
researches aims to take advantage of these data to find out
the relationship between genes that gives a hint to infer how
these genes interact with each other in a biological process.
Microarray time-series data [2, 3] are produced by
using cDNA microarray technology to measure thousands of
gene expression values that reflect the reaction of each gene
after the hybridization effect across time. Each gene
expression value denotes the sensitive reaction result of the
corresponding gene. These quantitative values come in the
format of logarithm which represents distinct intensity of
expressions. This kind of data provides a possible means for
the inference of transcriptional regulatory relationships
among the genes on the microarray gene chip. The
discovery of specific gene pairs with highly-correlated
relations could provide valuable information for biologists
to predict important biological reactions.
Microarray time-series data are matrix-liked
collections of gene expression values across a certain of
time as Table 1 shown in next page. Each row in the
microarray time-series data stands for a gene ORF profile,
and each column represents the specific time point.
Different kinds of microarray time-series data may come in
different time slots due to distinct gene sampling time and
frequency. Gene expression values in the microarray timeseries data may be positive or negative numbers. The task is
to analyze these gene expression values in different time
slots and find the correlations between genes for the
inferring of gene-gene interactions. The commonest way of
the analysis on this kind of data is to measure pairwise
correlation of each pair of any two genes.
In the gene cell cycle or in a biological process, the
expression level of one gene is usually regulated by other
genes. There might be one-to-one or many-to-one regulatory
relations. If one gene regulates other genes, it is called an
input gene. On the contrary, if one gene is a regulated target,
it is called an output gene [4]. For transcriptional regulations
among all genes, there are two sorts of situations, activation
and inhibition. In activation regulations, the expression of

Abstract
Microarray technology provides an opportunity for
scientists to analyze thousands of gene expression profiles
simultaneously. Time-series microarray data are gene
expression values generated from microarray experiments
within certain time intervals. Scientists can infer gene
regulations in a biological system by judging whether two
genes present similar gene expression values in microarray
time-series data. Recently, a great many methods are widely
applied on microarray time-series data to find out the
similarity and the correlation degree among genes. Existing
approaches including traditional Pearson coefficient
correlation, Bayesian networks, clustering analysis,
classification methods, and correlation analysis have
individual disadvantages such as high computational
complexity or they may be unsuitable for some microarray
data. Traditional Pearson correlation coefficient is a
numeric measuring method which gives novel effectiveness
on two sets of numeric data. However, it is not suitable to be
applied on microarray time-series data because of the
existence of outliers among gene expression values. This
paper presents a novel method of applying Pearson
correlation coefficient along with an outlier filtering
procedure on the widely-used microarray time-series
datasets. Results show that the proposed method produces a
better outcome compared with traditional Pearson
correlation coefficient on the same dataset. Results show
that the proposed method not only can find out certain more
known regulatory gene pairs, but also keeps rational
computational time.
Keywords: Microarray, Time-Series Data, Gene Expression
Analysis, Gene Regulation Identification, Outlier Filtering.

1. Introduction
Recently, microarray technology has become one of
the important tools in biological researches. It makes it
possible to monitor mRNA levels of thousands of gene
expressions in a single experiment [1]. Due to this high
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microarray time-series dataset. Our proposed method is
shown in details in Section 3. Analysis and discussions for
the experimental results are presented in Section 4. The
concluding remarks are made in Section 5 with future work.

the output gene is increased with the presence of the input
gene, and vice versa. In other words, an activator gene
regulates the activatee gene in the biological process so that
the gene expression level of the two genes forms the trend
of positive correlations. On the contrary, a trend of negative
correlations results from the inhibition regulations.

2. Datasets

Table 1. Microarray Time-series Data
Gene

Time Slot 1

Gene #1

0.56

Gene #2

-0.24

Gene #3
…
Gene #n

Time Slot 2 …

0.80

0.90

-0.1

0.60

0.12

0.24

0.50

…

…

…

-0.14

-0.56

0.78

This section draws the description of the dataset
involved in our evaluations. Spellman et al. and Cho et al.
provided the yeast microarray dataset (http://genomewww.stanford.edu/cellcycle) [3, 7]. The data was obtained
for genes of Yeast Saccharomyces cerevisiae cells that were
collected with four synchronization methods: alpha-factor,
cdc15, cdc28, and elutriation [15]. These four subsets of the
dataset contain totally 6178 gene ORF profiles with their
expression values across individual amounts of time slots.
For example, the alpha subset contains 18 time points with
seven minutes as the time interval, while the cdc28 contains
17 time points with ten minutes as the time interval. These
four kinds of subsets record the gene expression reactions
during different phases in cell cycle. However, some of the
6178 gene ORF profiles are incomplete with missing values
at certain time slots. The Spellman’s dataset is as shown in
Figure 1.

Time Slot n

As a result, the aim of the analysis on microarray
time-series data is to observe and find out whether there
exists any pair of genes that have highly-correlated relations.
Researches on this issue have been worked for these years,
and a variety of approaches are proposed. Common
proposed solutions include clustering analysis [5, 6, 7, 8],
spectral analysis [9, 10], similarity analysis [11, 12], and
Bayesian networks [13, 14]. These approaches are widely
applied on the inference and prediction of gene-gene
relations in microarray time-series data. Although some of
these proposed approaches may have a success for the
analysis of the microarray time-series data, they may not
work for particular datasets or even need an exhausted
computational time. Pearson correlation coefficient is a
commonly-used statistical and mathematical method to
measure the correlation for the two sets of data. It has been
successfully applied in many fields but it is not suitable for
the analysis of microarray time-series data due to some
limitations such as the existence of outliers. Moreover, local
similarity plays an important role rather than the
consideration for the whole gene expression levels in
microarray time-series data. This brings the disadvantage for
the application of traditional Pearson correlation coefficient.
The paper presents a method based on Pearson
correlation coefficient to measure the gene-gene correlation
relations by filtering gene expression values at particular
time slots in microarray time-series data. With the proposed
method, significant outliers of raw data are removed so that
more known gene regulations can be identified.
Implementation of this method on the commonly-used
dataset is performed, and the results show that the proposed
method can search out more known gene regulations
compared with original Pearson correlation coefficient.
Additionally, the proposed method is very simple and it
does not require too much computational time.
Remaining of this paper is organized as follows. In
Section 2, we give a brief description about the involved

Figure 1. Spellman’s Yeast Dataset
Filkov et al. reviewed related literatures and collected
all known gene regulations of alpha and cdc28 subsets in
Spellman’s yeast cell dataset [16]. A database for recording
all these known gene regulations was also constructed. In
our evaluation, the known gene regulations recorded in
Filkov’s database are taken as the validation datasets. In the
database, number of recorded gene activations and
inhibitions for alpha subset is 343 and 96 respectively, while
for cdc28 subset is 469 and 155. All these regulations come
in the format of A (+) B which denotes gene A is an
activator that activates gene B. Similarly, C (-) D represents
an inhibitor gene C inhibits gene D. For example, ABF1 (+)
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ACS1 is an activation regulation with gene ABF1 as the
activator. However, among these regulations recorded in the
database, there might be a widespread situation that one
gene could be the activator or inhibitor for more than one
genes. For instance, gene ABF1 stands for the activator for
totally eight different genes in cdc28 subset. Therefore, the
pre-processing of the raw data is necessary. Firstly, we parse
all regulations of alpha and cdc28 subsets in Filkov’s
database and retrieve unrepeatable involved genes. The
result of the parsing by our program is shown in Table 2.

3. Correlation with Outlier Filtering
In Filkov’s database, diagrams of curves of the
pairwise genes in alpha and cdc28 dataset are depicted.
According to these graphs, we can find that most of the
pairwise genes come along with several local maximum or
minimum values, which are so-called outliers. To filter these
crucial outliers, our proposed method aims to refine the
insufficiency of applying traditional Pearson correlation
coefficient to this question and make it possible for
measuring the gene-gene relations of the microarray timeseries data. Pearson correlation coefficient (PCC) is a
widely-used correlation-based method to measure the
correlation intensity of the given two close dataset. It is
shown as the following equation (1).

Table 2. Parsing Result for Gene Regulations
Dataset

No. of
Genes

No. of
Activations

No. of
Inhibitions

Total

alpha

295

343

96

439

cdc28

357

466

155

621

γ XY =

After the involved genes are parsed out, the next step
is to map these hundreds of genes to the raw Spellman’s
datasets to match the corresponding gene expression values.
Nevertheless, gene names in Filkov’s database are denoted
as the gene standard name, while the gene systematic names
are used in Spellman’s dataset. As a result, a mapping
procedure between gene standard name and systematic
name is required.
For this purpose, we designed another program to
perform this operation. The reference database for this phase
is
the
Saccharomyces
Genome
Database
(http://www.yeastgenome.org/) [17]. The SGD database acts
as a platform for biologists to refer and query yeast gene
information including the gene standard name and
systematic name. During the process of gene name mapping,
we found that some of the gene standard name in Filkov’s
database cannot be found in Spellman’s dataset due to the
different naming conventions. For example, the mapping
gene systematic name for gene with standard name STA1
cannot be found in the SGD database. Consequently,
regulations with gene STA1 are filtered that causes the
decrease of gene activations in cdc28 subset from 469 to
466.
So far, we have purified the involved gene expression
values and the corresponding gene standard name as the
implementation dataset for our proposed method. For alpha
subset, total amount of pairwise gene combinations is
C(295,2) equals to 43365, and for cdc28 subset is C(357,2)
equals to 63546. Eventually, some missing regulations are
replenished and the final amount of pairwise gene
combinations for alpha and cdc28 subsets is 43366 and
63548. Known regulations in Filkov’s database are marked
as the validation measurement to estimate the correctness of
the proposed method.

∑ X Y − (∑ X ∑ Y ) n
− (∑ X ) n ∑ Y − (∑ Y )
i i

∑X

2
i

i

i

(1)

i

2

2

2

i

i

n

Despite the convenience and practicality of Pearson
correlation coefficient, there are still limitations if applied
on the analysis of microarray time-series data. The critical
problem is that outliers in the datasets influence the Pearson
correlation coefficient measuring results very much. The
gene expression values in microarray time-series data range
a lot. Moreover, even two genes own a highly-correlated
degree of Pearson correlation coefficient (usually > 0.7), it
is not definitely to say that these two genes are with
regulatory relationship. The reason is that sometimes
measuring correlations of gene expression values under
certain of time slots are much more important than the
correlations of whole gene expression values. This
phenomenon results from the intermittent gene regulation
reactions during all time slots so that the local maximum
correlations attract more attentions than correlations of
whole gene expression values.
To overcome this problem, our method first measures
the Pearson correlation coefficient of each pair of gene
expression values across all time slots as a controlled
sample. Subsequently, recalculate the Pearson correlation
coefficient with filtering time slots from the first one to the
last one. For each time slot point, if filtering the gene
expression value at it can increase the absolute value of the
correlation most, the gene expression value at this time slot
is taken as the outlier for the gene pair. This time slot point
is then removed. This operation is performed for five times,
and the calculating results are recorded for all pairwise gene
combinations. That is, Pearson correlation coefficient of all
time slot, one-outlier filtering, two-outlier filtering, threeoutlier filtering, four-outlier filtering to five-outlier filtering
of all gene pairwise combinations are generated. Finally, we
compare the results in six different kinds of situations with
known gene regulations in Filkov’s database and count the
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number of hitting regulations for each situation. The
flowchart of the proposed method is shown in Figure 2.

Algorithm for the proposed method:
I.
II.

III.

IV.
V.
VI.

First calculate the PCC with all time slot points, we
get PCCall
For involved time slot points (originally 1, 2, 3 … N)
in each pair of genes, remove one time slot point from
time slot number one to number N, recalculate PCC
for each filter phase. Suppose PCC generated are
PCC1, PCC2, PCC3 ,…, PCCn
Calculate the difference (absolute value) of (PCC1,
PCCall), (PCC2, PCCall), (PCC3, PCCall) … (PCCn,
PCCall),
we
get
Difference1,
Difference2,
Difference3 ,…, DifferenceN
Choose the Maximum value Difference_i which
increases with filtering time slot point i from
Difference1 to DifferenceN
Set time slot point i as the outlier and remove time slot
point i from the involved time slot points
Repeat step II to step V for four times without filtered
time slot point. Record all the correlation coefficients
for each time

4. Experimental Results and Discussion
After the generation of calculating results for each
outlier filtering, the number of known regulations on the
results with marked symbols is gathered. The calculating
results are shown in Figure 3.

Figure 3. Output Sample
As shown in Figure 3, each row represents one of the
pairwise combinational pairs. Rows with (+) or (-) and
number marks are known activations and inhibitions. All the
marked combinations are referred to Filkov’s known gene
transcriptional regulations. We then sort this data with
Pearson correlation coefficient on all time slot points and
Pearson correlation coefficient on time slot points without
filtered outliers for each time. Subsequently, we select
significant gene combinations with highly-correlated
Pearson correlation coefficient. Here we set the threshold
value with 0.7 because Pearson correlation coefficient is
usually said as characteristic when its absolute value is

Figure 2. Flowchart of the Proposed Method
The detail algorithm of the proposed method is described as
follows.
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compared with performing Pearson correlation coefficient
on all timeslots without filtering outliers. Obviously, the
proposed method does a successful work for identifying
known gene regulations among microarray time-series data.

larger than 0.7. Finally, we compare these highly-correlated
combinations with marked known gene regulations and
count the number of matching ones. The induced results are
shown in Table 3 in next page.
Table 3. Number of Identified Gene Regulations with
|PCC| >0.7
# of outliers

Dataset

alpha (+)
alpha (-)
cdc28 (+)
cdc28 (-)

0

1

2

3

4

5

13
0
28
7

18
1
36
11

21
1
36
12

19
1
33
13

15
2
22
7

5
0
3
0

Table 4. Extra Gene Regulations Found by the Proposed
Method
# of outliers

Dataset

Table 3 denotes number of identified gene regulations
by the proposed method with Pearson correlation coefficient
threshold set to 0.7. Individual results compared with known
gene regulations in two subsets: alpha, cdc28 with
activations (+) and inhibitions (-) in the subset are shown in
the table respectively. In Table 3, the four rows stand for
four kinds of regulations in the subsets, while the six
columns denote the number of filtered outliers. In our
evaluation, the number of outliers to be filtered is limited to
at most five because filtering too many time slots in original
microarray time-series data is meaningless. According to
Table 3, we can see that the proposed method can
effectively identify more known gene regulations compared
with calculating Pearson correlation coefficient on all time
slots without outlier filtering in the microarray time-series
dataset.
For example, in alpha subset, performing traditional
Pearson correlation coefficient gives the ability to identify
13 known gene activation regulations and no known gene
inhibition regulations if the threshold is set to 0.7. With our
method, 18 known gene activations and one known gene
inhibitions are found with one outlier filtering. Furthermore,
in cdc28 subset with one or two outlier filtering, eight more
known gene activations and five more known gene
inhibitions are indentified compared with zero-outlierfiltering situations. Table 4 lists the extra gene regulations
found by our method but not appear in zero-outlier-filtering
situations.
In Table 4, extra known gene regulations compared
with performing Pearson correlation coefficient on gene
expression values at all timeslots are listed. The two rows
stand for two kinds of subset involved, while the two
columns list number of filtered outliers. Regulations listed
in the table with (+) symbols are activations and those with
(-) represent inhibitions. For example, one of the six
regulations in the first field “HSF(+)KAR2” can be
explained as gene HSF activates gene KAR2. Similarly,
“TUP1(-)HXT4” tells that gene TUP1 inhibits gene HXT4.
From the table, it is shown that six and 12 more known gene
regulations are identified by the proposed method with one
filtered outlier in alpha and cdc28 subsets respectively

alpha
subset

One Filtered
Outlier

Two Filtered
Outliers

HSF1(+)KAR2
RIM11(+)IME1
IME1(+)RIM11
SEC11(+)KAR2
CLN3(+)CLN2

HSF1(+)KAR2
RIM11(+)IME1
IME1(+)RIM11
SEC11(+)KAR2
CLN3(+)CLN2
UME6(+)OPI3
CDC19(+)RAP1
HAP2(+)QCR8

TUP1(-)HXT4

TUP1(-)HXT4

cdc28
subset

CYC7(+)COX5A
RCS1(+)FET3
GCY1(+)GAL4
PET9(+)HAP4
LYS14(+)LYS1
SPT16(+)CLN1
PMA1(+)RAP1
HAP1(+)ROX1

CYC7(+)COX5A
RCS1(+)FET3
GCY1(+)GAL4
PET9(+)HAP4
SPT16(+)CLN1
PMA1(+)RAP1
HAP1(+)ROX1
GAL10(+)GAL4

HEM13(-)ROX1
STE3(-)SIN3
NGG1(-)PDR1
MTH1(-)HXT3

NGG1(-)PDR1
MTH1(-)HXT3
SSA1(-)SSN8
UME6(-)IME1
STE3(-)SIN3

Some issues about the experimental results must be
discussed here. First, we find that our method has the best
effect if the number of outliers to be filtered is set to two in
alpha subset and cdc28 subset. The explanation for this
result is that there are about two crucial outlier values in
alpha and cdc28 subsets. Results show that performing the
proposed method with two filtered outliers can identify the
most regulatory genes. In other words, there are
significantly about two outliers for genes in alpha and cdc28
dataset, and the gene regulation prediction can thus be very
easy with the proposed method. So far, a biological meaning
of the reason why there are approximately two outliers in
the dataset is still being surveyed. We are also working on
indentifying the relations between the number of outliers
and the individual microarray time-series dataset themselves.
Secondly, the proposed method requires not much
computational time. For deciding which outlier to be
removed each time in the loop, the program only calculates
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Pearson correlation coefficient for the same times as the
number of timeslots in the subsets. If there are N genes and
M time slots, the total running time will be O(N2*M).
Despite the time complexity for the proposed algorithm
cannot be taken as linear, there are only 17 or 18 time slots
and 6178 genes in the involved microarray time-series data.
All operations can be performed in an expectable
computational time. As a result, the proposed method is
effective and not time-consuming.

[7]

[8]

[9]

5. Conclusion and Future Work
This paper presents a method of refining traditional
Pearson correlation coefficient with outlier filtering.
Experiments are performed on the alpha and cdc28
microarray time-series datasets. Compared with traditional
Pearson correlation coefficient, the proposed method brings
out better results. It can also validate the assumption that
outliers do exist in the involved microarray time series-data.
The results show that the proposed method can not only find
out certain more known gene regulations, but also keeps
rational computational time. This aids the prediction of gene
regulatory relationship in microarray time-series datasets.
As for the future work, we will survey the number of
outliers of distinct microarray time-series data and its
biological meaning. Moreover, we will take the missing
value imputation into consideration. In this paper, missing
values are imputed with a primary trick which is not so
robust. We will develop a better missing value imputation
technique so that the gene regulation prediction can be more
accurate and effective.
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