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Abstract—Nowadays, with the advances in microscopic imaging, accurate classification of bioimage-based protein subcellular

location pattern has attracted as much attention as ever. One of the basic challenging problems is how to select the useful feature

components among thousands of potential features to describe the images. This is not an easy task especially considering there is a

high ratio of multi-location proteins. Existing feature selection methods seldom take the correlation among different cellular

compartments into consideration, and thus may miss some features that will be co-important for several subcellular locations. To deal

with this problem, we make use of the important structural correlation among different cellular compartments and propose an organelle

structural correlation regularized feature selection method CSF (Common-Sets of Features) in this paper. We formulate the multi-label

classification problem by adopting a group-sparsity regularizer to select common subsets of relevant features from different cellular

compartments. In addition, we also add a cell structural correlation regularized Laplacian term, which utilizes the prior biological

structural information to capture the intrinsic dependency among different cellular compartments. The CSF provides a new feature

selection strategy for multi-label bio-image subcellular pattern classifications, and the experimental results also show its superiority

when comparing with several existing algorithms.

Index Terms—Bioimage processing, subcellular location classification, biological structure, multi-label, sparsity
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1 INTRODUCTION

THE function of a protein is closely associated with its cel-
lular compartment, and thus finding the positions of a

protein in cells can help to understand its functions [1], [2].
Recently, the breakthrough of genome sequencing and
microscopic imaging technology enabled the identification
of the subcellular location of a protein by doing various
biological experiments. However, although feasible this
approach is expensive and time-consuming [3]. Determin-
ing the subcellular localizations of proteins based on
computational methods has become an important field in
computational biology [4], [5].

During last decade, numerous computational methods
were proposed to predict subcellular localization of proteins,
and most of these methods are based on the features in the
primary sequences of proteins from different subcellular
locations [1], [6]. However, these sequence-based methods
are not suited for detecting the dynamic translocation of

a protein in cells, and discovering this translocation pattern
is verified to be helpful to identify cancerous biomarkers in
human tissues [7]. Therefore, a growing number of research
groups devoted their efforts to the prediction task on
bio-image-based protein patterns [8], [9], [10], and they
found different distribution patterns exist under normal and
cancerous conditions.

From the perspective of machine learning, previous pre-
dictive models on image-based proteins can be divided into
two categories, i.e., multi-class [35] and multi-label based
classification methods. On one hand, multi-class-based
methods assume that each protein corresponds to only one
cellular compartment. In [11], the authors proposed a prob-
ability-based support vector machine (SVM) to predict the
subcellular location of proteins in the human reproductive
system. Li [12] proposed a hidden conditional random field
(HCRF) model, which extended Logistic Regression algo-
rithm with latent variables to predict image-based protein
patterns. Our previous work [13] developed and tested a
novel ECOC (Error Correcting Output Coding)-based pre-
diction model to predict protein images that only appear in
one localization.

On the other hand, it is reported that more than
20 percent of human proteins can co-exist in more than one
locations [8], [14]. Identifying proteins with multiple loca-
tions is also very important because these proteins may
have special functions, which are essential to basic research
and drug discovery [1], [15]. Several studies have attempted
to predict human image-based proteins that move between
two or more locations. For instance, in [8], the author
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developed a multi-label predictor by implementing two
multi-label learning modes of binary relevance (BR) and
classifier chain(CC) [16]. Xu et al. [9] designed a semi-
supervised framework, which used lower-quality or
unlabeled image data to enlarge the training space. The
experimental results showed that this semi-supervised
idea can promote the classification performance on pro-
teins with multiple locations.

Although much progress has been achieved, neither of
these two methods exploits the correlation among different
cellular compartments to guide the multi-label learning pro-
cess. Specifically, both of these two studies used the widely-
used SDA (Stepwise Discriminant Analysis) [17] algorithm
to perform the feature selection task. However, the SDA
method neglects to take the correlation among different cel-
lular compartment into consideration. This means that
although we have multi-label samples in the dataset, they
are treated independently in each label by SDA resulting in
the failure of selecting the features that may be co-important
to the co-existing locations. As a matter of fact, exploitation
of label correlations has been widely accepted as a key com-
ponent of current multi-label machine learning approaches
[16], [18], for the information of one label may be helpful to
predict another related label. For instance, if we consider
both cytoplasm and mitochondria belong to the intra-cellu-
lar compartments [6], then, for an image of a protein with
multiple localizations, the strong heuristic knowledge corre-
lation between cytoplasm and mitochondria can be helpful
to infer the appearance of cytoplasm if it has already been
detected as belonging to the cellular compartment of mito-
chondria. Also, we recently demonstrated that designing a
learning algorithm according to a prior biological informa-
tion-based tree structure can enhance the prediction perfor-
mance [13]. In this study, in order to effectively capture the
intrinsic correlation among different cellular compartments,
we also use tree structure defined in [13] to calculate
the correlation between pairs of cellular compartments.
It is expected that better classification performance will be
achieved when considering the information of cell struc-
tural correlation in the feature selection method.

To enable our feature selection method to exploit the cor-
relation among different cellular compartments, we propose
a novel organelle guided multi-label feature selection
method CSF (Common-Sets of Features) by employing the

biological structural correlation among different cellular
compartments. Specifically, two regularization items are
included in the objective function of our proposed CSF
model. The first item is the group-sparsity regularizer,
which ensures only a small subset of common features will
be selected across different subcellular compartments. The
second item is a cellular correlation regularized Laplacian
term, which utilizes the prior biological structural informa-
tion to capture the intrinsic relatedness across different cel-
lular compartments. Then, we resort to the widely used
accelerated proximal gradient (APG) [25] algorithm to opti-
mize the objective function, by which we can select features
by simultaneously considering sparseness and similarity
among different cellular compartments. To validate our
method, we test our feature selection method on a public
available bio-image protein dataset. The experimental
results show that our method is better when comparing
with several existing methods, indicating a proper feature
selection approach will enhance the multi-label bio-image
classifications.

2 MATERIALS AND METHODS

2.1 Overview of Our Method

Fig. 1 shows the flowchart of the proposed method. Gener-
ally, it can be divided into 4 major steps. First, we separate
the immunohistochemistry based protein images into two
different channels (i.e., protein channel and DNA channel).
Then, we extract Haralick [11] and Local Binary Pattern
(LBP) [11] features from protein channel and DNA features
from DNA channel. After that, considering the information
of one label may be helpful to predict another related label
when tackling with the multi-label classification problem,
we propose a new feature selection method (CSF) by
utilizing the prior biological structural information across
different cellular compartments. Finally, we perform the
Classifier Chain (CC)-based multi-label learning mode to
predict the cellular compartments of image-based proteins.

2.2 Datasets

Recently, with the development of the antibody-based tech-
nique, researchers have built the well-known Human Pro-
tein Atlas (HPA) database [19], [20], which contains a large
number of immunohistochemistry (IHC) images of proteins.

Fig. 1. The flowchart of our proposed CSF (Common-Sets of Features)-based classification method.
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The current release of HPA (Version 13) contains 24,028
antibodies, which are related to 46 different normal human
tissues. One example image is shown in Fig. 2.

As can be seen from Fig. 2, with protein stained in brown
area and DNA shown in purple area, each IHC based pro-
tein image consists of two channels. The protein images in
HPA database are annotated with labels with respect to
their subcellular localizations. Here, we follow the assump-
tion in [9] that the proteins did not change their subcellular
locations in cancerous conditions, in HPA database. This is
reasonable when considering that more than 95 percent [32]
proteins images in HPA database are not cancerous bio-
markers. In this study, in order to validate the efficacy of
our proposed CSF feature selection method, we test it on 2
publicly available datasets.

Specifically, for the first public available dataset [8],
which contains 823 protein images belonging to two or
more than two cellular compartments from 7 major subcel-
lular localizations (i.e., Cytoplasm, ER, Golgi, Nuclear,
Lysosome, Mitochondria, Vesicle). We can obtain the cellu-
lar compartments of these protein images by retrieving their
corresponding antibody id or protein name in HPA and
Uniprot database. The detailed description of this dataset is
shown in Table 1.

The second dataset contains 1,040 IHC images (high vali-
dation and objective scores in HPA) of 96 multi-location
proteins in 11 main human tissues. Each protein belongs to
two or more than two cellular compartments. More details
about this dataset can be found in [9].

2.3 Image Seperation and Feature Extraction

As discussed in Section 2.2, the IHC based protein images
are the fusion of DNA channel and protein channel. Since
the major goal of our work is to classify proteins into partic-
ular cellular compartments, it is necessary to distinguish the
protein areas from the DNA section at first, and thus we can
obtain the distribution of the protein to guide the classifica-
tion. Here, we use the non-negative matrix factorization
(NMF) method [11] to separate the protein channel from the
DNA channel.

Generally, the representation of protein images can be
divided into two categories (i.e., global feature and local fea-
ture). Specifically, global features can be regarded as global
distribution features, while local features aim to mine and

represent local micro-patterns of the bio-image. After the
separation step, we extracted Haralick and LBP [21], [37]
feature from the protein channel. Specifically, Haralick fea-
ture is a type of global feature, which is used to describe the
texture of the protein images. Here, we extract the Haralick
feature [11] with 10 different vanishing moments from db 1
to db 10. Then, for each vanishing moment, we will derive
an 836-dimensional feature vector. As to LBP [13] (Local
Binary Pattern) feature, it is a 256-dimensional local feature,
which can depict the local structure of the image, such as
edges and spots. In addition, we also extract a 4-dimen-
sional global DNA feature from the DNA channel, for its
valuable effect in inferring the relative position of proteins
[22]. Hence, for each vanishing moment (e.g., db1, db, . . . ,
db10), we will derive a 1096 dimensional feature vector if
directly combining the global feature (i.e., Haralick and
DNA feature) and local feature (LBP feature) together.

2.4 Proposed CSF Feature Selection Model

First, we will briefly introduce the feature selection method
by adopting group sparsity regularizer. Denote XX ¼ ½xx1;
xx2; . . .xxNN �TT 2 RN�d as the data matrix from N training sam-
ples, and YY ¼ ½yy1; yy2; . . . yyLL� 2 RN�L is represented as the
label matrix from these training samples. Here, xxnnðn ¼ 1;
2 . . .NÞ is the feature vector of the nth sample, yyii ¼ ½yi1;
yi2; . . . yiN �T ði ¼ 1; 2 . . .LÞ is the label vector of the ith
label, yin is þ1 if xxnn has the ith label and -1 otherwise. For
multi-label classification problem, we set wwii 2 Rd as the lin-
ear discriminant function of the ith label. Then, we use the
following objective function to solve the multi-label feature
selection model,

min
WW

1

2
kXWXW � YY k22 þ bkWWk2;1: (1)

Here, WW ¼ ½ww1; ww2; . . .wwLL� 2 Rd�L is the weight matrix,
whose row wwjj is the vector of coefficients assigned to the j
ðj ¼ 1; 2 . . . dÞth feature across different labels. The first term
of Eq. (1) is the Square-Error loss of different samples, and

kWWk2;1 ¼
Xd
j¼1

kwwjjk2; (2)

is l21-norm regularization term, which encourages matrixWW
with many zero rows [23], [36]. In other words, as shown in

Fig. 2. An example of the IHC based protein image (Antibody ID:
HPA004428 Tissue:Liver.). Two reference channels reflect different
components (brown:protein, blue:DNA).

TABLE 1
The Description of the Benchmark Dataset

Antibody
ID

Protein
Name

Subcellular
Location

Number of
images

5,922 Four and a half LIM
domains Protein 2

CytoþNuclear 103

1,873 Alpha-actinin-4 CytoþNuclear 116
571 Setrol-4-alpha-carboxyl-

ate3-dehydrogenase
ERþVesicle 123

26,485 BCKAD-E2 CytoþMito 121
6,964 Ras-related Protein

Rab-7a
LysoþVesi 124

29,722 Ary1hydrocarbon
Receptor

CytoþNuclear 130

3,734 Ras-related GTP
binding Protein A

GolþLysoþVesi 110
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Fig. 1, the l21-norm is a group sparsity regularizer, by which
only a small subset of features corresponding to the non-
zero rows of WW will be jointly selected from different cellu-
lar compartments (in red rectangles of Fig 1). The parameter
b is a regularization parameter that is used to balance the
relative contribution of the two terms in Eq. (1).

Although the above group-sparsity-based method can
select features from protein images with multiple locations,
it neglects the intrinsic relatedness among different labels.
As we know, exploiting label correlations has been widely
recognized as a key component of multi-label learning
approaches [16]. So, we introduce the following regulariza-
tion term, which takes the correlation among different labels
into consideration,

min
WW

XL
i;k¼1

si;kkwwii � wwkkk22 ¼ 2tr WWLLccWW
TT

� �
: (3)

Here, the SS ¼ ½si;k� 2 RL�L is a similarity matrix, which is
applied to define the correlation among different labels.
LLc ¼ DD� SS is the Laplacian matrix of S, andDD is the diago-
nal matrix, which is defined asDDi;i ¼

PL
k¼1si;k. From the per-

spective of predicting subcellular location of multi-label
based proteins, the above Laplacian term has the following
explanations (shown in Fig. 3). The higher correlation
between cellular compartments i and k (i.e., si;k). usually
comes with the higher probability that a protein will appear
in both of these two cellular compartments, and thus the dis-
tance between the linear discriminant functions of these two

cellular compartments (i.e., wwii; and wwkk) should be smaller.
Moreover, as can be seen from Eq. (3), the similarity matrix SS
is still unknown to us, and a natural question is how to define
this similaritymatrix, whichwill be answered below.

It is highly recognized that the biological structural in-
formation plays an important role in determining protein
subcellular locations [6]. In our previous work [13], we also
define a tree structure (shown in Fig. 4) to depict the correla-
tion among different cellular compartments, which has
proven to be effective in solving biological sorting problem.
Intuitively, we can also use this structural information to
design the similarity matrix SS, for the correlation among dif-
ferent cellular compartments can be easily obtained from
this tree structure. Accordingly, we design a similarity
matrix SS (shown in Table 2) across different cellular com-
partments by taking advantage of the structure of cellular
compartments shown in Fig. 4.

The following results can be seen from Table 2. First, we
set the similarity value as v1, if two cellular compartments
shown in Fig. 4 have the same parent node, whichmeans that
these two cellular compartments either share a similar func-
tion (i.e., the mainly functions of Golgi apparatus and ER are
modifying the proteins for cell secretion) or have close loca-
tion in cells (i.e., Mito is usually located in the Cytoplasm,
and both of these two cellular compartments are under the
node of Cytoplasm). Second, Fig. 4 shows that different cellu-
lar compartments generally can be divided into 2 categories,
(i.e., intracellular and secreted pathway based cellular com-
partments). If pairs of cellular compartments do not share the
same parent node, but they still belong to the same category

Fig. 3. Explaination of the regularization term in Eq. (3). The left part shows the correlation among different cellular compartments (the strong correla-
tion between pairs of compartments are connected by lines). Usually, the higher correlation between pairs of cellular compartments (e.g., Vesicle and
Lyso) comes with the higher probability that a protein will be appeared in both of these two cellular compartments, and thus the distance between the
linear discriminant functions of these two cellular compartments (e.g.,wgolgi andwER) should be smaller.

Fig. 4. Biological structure of cellular compartments.

TABEL 2
Similarity Matrix According to the Biological Strcture

of Cellular Compartments

Cyto ER Golgi Lyso Mito Nuclear Vesicle

Cyto 1 v3 v3 v3 v1 v2 v3
ER v3 1 v1 v2 v3 v3 v2
Golgi v3 v1 1 v2 v3 v3 v2
Lyso v3 v2 v2 1 v3 v3 v1
Mito v1 v3 v3 v3 1 v2 v3
Nuclear v2 v3 v3 v3 v2 1 v3
Vesicle v3 v2 v2 v1 v3 v3 1
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(i.e., Lysosome and ER are secreted pathway based cellular
compartments, but they have different parent nodes), the cor-
relation will be weaker, and thus we decrease the similarity
value between them from v1 to v2 (v1 > v2). In addition, if
pairs of cellular compartments are derived from different cat-
egories (i.e., Intracellular and Secreted Pathway based cellu-
lar compartments), we assume that the similarity value
between themwill be further decreased from v2 to v3 (v2 >v3).

Here, we follow the study in [34], which defines the
structural similarity (i.e., Sik) between cellular compartment
i and k as the number of nodes shared by their parent
branches, divided by the longest length of the two branches:

Sik ¼ intersect Pi; Pkð Þ=max length Pið Þ; length Pkð Þð Þ (4)

Here, Pi is the path from the root to the node i,
intersectðPi; PkÞ counts the number of shared parent node
between node i and node k. Then, the values of v1; v2; v3 in
similarity matrix S will be set as 0.75, 0.5, and 0.25, respec-
tively. By applying this similarity matrix to the regulariza-
tion term (shown in Eq. (3)), our proposed organelle
correlation- guided feature selection method CSF has the
following objective function:

min
WW

1

2
kXWXW � YY k22 þ bkWWk2;1 þ

g

2
tr WWLLccWW

TT
� �

(5)

where b and g are two regularization parameters. Obviously,
the objective function in Eq. (5) can be efficiently solved
using the Nesterov’s accelerated proximal gradient optimi-
zation (APG) algorithm [25]. Specifically, we divide the
objective function into the smooth part (i.e., shown in Eq. (6))
and the non-smooth part (i.e., shown in Eq. (7)) at first,

f WWð Þ ¼ 1

2
kXWXW � YY k22 þ

g

2
tr WWLLccWW

TT
� �

(6)

g WWð Þ ¼ bkWWk2;1 (7)

Then, we define an approximation function (i.e., shown
in Eq. (8)) by incorporating both fðWWÞ and gðWW Þ,

" WW;WWiið Þ ¼ f WWiið Þ þ g WWð Þ þ ðWW �WWii;rf WWiið ÞÞ
þ l

2
kWW �WWik22

(8)

where rf ðWWiiÞ ¼ XXT ðXXWWii � YY Þ þ gWWiiLLcc is the gradient
of fðWWiiÞ at WWii of the ith iteration, and l is the step size.
Finally, we use the following Eq. (9) to update the step of
APG algorithm,

WWiþ1 ¼ argmin
WW

1

2
kWWi � VV ik22 þ

1

l
g WWið Þ: (9)

Here, we can use linear search to determine l for each
iteration. In order to calculate each step efficiently, we
decompose the original problem into d separate sub-
problems as follows:

WWiiþ1 ¼ argmin
ww1
ii;
ww2
ii
;...wwdd

ii

1

2

Xdd
jj¼1

kWWjj
ii � VV jj

iik22 þ
bb

ll
kWWjj

iik22 (10)

where WWjj
ii and VV jj

ii are represented as the jth row of matrices
WWii and VV ii, respectively. In addition, instead of performing
gradient descent based method on WWii, we follow previous
studies [26] and compute the search point as

QQii ¼ WWii þ ai WWii �WWii�1ð Þ (11)

where ai ¼ ð1� ri�1Þ=2 and ri ¼ 2=ðiþ 3Þ .The iterative pro-
cedure will be ended if its iterative step exceeds the pre-
defined maximum value. We show the pseudo code of the
new CSF approach in Table 3 and prove its convergence
rate in Section S.7 in the Supplementary Material, which can
be found on the Computer Society Digital Library at http://
doi.ieeecomputersociety.org/10.1109/TCBB.2017.2677907.

2.5 Multi-Label Learning Modes

After selecting a subset of features, we train classification
models by using Binary Relevance (BR) andClassifier Chains
(CC) modes [16], respectively. The BR mode aims to decom-
pose the multi-label classification problem into a series of
binary classification sub-problems (i.e.,H(1),H(2), . . .HðLÞ),
independently,

H ið Þ ¼ train xxttf gnt ¼ 1; yt ið Þ� �n

t ¼ 1

� �
i ¼ 1; 2 . . .L (12)

Here, xxtt is the feature vector of the tth sample, yt ðiÞ ¼ 1
if xxtt has ith label and �1 otherwise. As to CC mode, it
extends the feature space of the ith classifier with the classi-
fication results of previous i-1classifiers

H ið Þ ¼ train xxtt; ht 1ð Þ; . . . ht i� 1ð Þ� �n

t ¼ 1
; yt ið Þ� �n

t ¼ 1

� �

(13)

Here, htðiÞ indicates the output value of the ith label for
the tth sample. Following this way, htðiÞ predicts ytðiÞ by
using the predicted value of htð1Þ; htð2Þ; . . . ; htði� 1Þ as
additional input information, and thus taking the correla-
tion across different labels into account.

3 EXPERIMENTAL RESULTS

3.1 Experimental Settings

To validate the efficacy of our proposed CSF feature selec-
tion method, we test it on a public available dataset [8]
(detailed shown in Table 1). Specifically, we follow the par-
tition strategy in [8] and equally divide the images in each

TABLE 3
The Pseudo Code of the New CSF Approach

Algorithm 1. The Pseudo Code of the New CSF Approach

Input: The data matrix from N samples
XX ¼ ½xx1; xx2; . . .xxNN �T 2 RN�d. Label matrix corresponding to
the data matrix YY ¼ ½yy1; yy2; . . . yyLL� 2 RN�L.
Initialize:WW 1 ¼ WW 0 ¼ 0; b; i ¼ 0; g > 0, l0 > 0;
Output: subset of selected features H.
1:While i<max_iteration
2: calculate the search point QQii according to equation (11).
3: while "ðWWiiþ1; QQiiÞ < fðWWiiþ1Þ þ gðWWiiþ1Þ
4: li ¼ sl0, HereWWiþ1 can be computed accordi ng to

equations (9).
5: End while
6: i ¼ iþ 1;
7: End while
Calculate:HH ¼ fjjkWWjjk2 6¼ 0g
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combination of protein and tissue into 2 disjoint subsets,
with one subset used for training and the remaining subset
used for testing. In the following experiments, db1. . .db10
refer to using 10 Daubechies filters with vanishing moments
from 1–10 when extracting Haralick features. Each of them
can generate an independent set of 836 Haralick features
[11]. Hence, for each db model, we will derive a 1,096
dimensional feature vector if directly combining the Hara-
lick feature with LBP feature and DNA feature together. For
parameter settings, the regularization parameters b and g in
CSF model are selected from {24, 25, . . ., 28} and {2-6, 2-5, . . . ,
27}, respectively. For comparison, the original group spar-
sity-based feature selection (GSF) method [16] is adopted
(shown in Eq. (1)), by which we neglect the cellular correla-
tion term (shown in Eq. (3)) when comparing with our
proposed CSF method. In addition, SDA (Stepwise Discrim-
inant Analysis) method [17] is also included here for com-
parison. After selecting a subset of features, we train
classification mode by using Binary Relevance (BR) and
Classifier Chains (CC) modes.

Moreover, we evaluate the performance of our proposed
method by the multi-label based measurement of Subset
Accuracy (shown in Eq. (12)),

Subset Accuracy ¼ 1

n

Xn
t¼1

½½hhtt ¼ yytt�� (14)

Where hhtt ¼ ½ htð1Þ; htð2Þ; . . . htðLÞ� and yytt ¼ ½ ytð1Þ;
ytð2Þ; . . . ytðLÞ] are the ground truth and the predicted label
set of the sample t. ½½A�� returns 1 if A holds and 0 otherwise.

3.2 Results Improvements by Adding Local
Features

As discussed in Section 2.3, different types of features (i.e.,
global and local feature) can provide complementary infor-
mation, which may be helpful for predicting the localiza-
tions of image-based proteins. So, besides the widely used
global feature (i.e., Haralick feature and DNA feature), we
also add local feature (i.e., LBP feature). Specifically, for

every image-based protein, we can derive a 1,096-dimen-
sional feature vector if we directly concatenate all the fea-
tures together. After applying our proposed CSF method to
extract the most important features, we first show the num-
ber of selected features of different categories (i.e., global
feature and local feature) in Fig. 5.

As can be seen from Fig. 5, after applying CSF method to
select the most important features, both global and local fea-
tures will be included and thus we can utilize both types of
features to accomplish the classification task. Then, since
the importance of the selected features could be reflected by
the norm of their corresponding coeffi cients (i.e., kwwjjk; j ¼
1; 2; . . . ; d), we also list the category (i.e., global feature and
local feature) of the top 10 ranked features of db2 model
(use db2 filter to get Haralick feature) in Table 4.

From Table 4, we can see 3 out of the top 10 ranked fea-
tures are derived from local feature. Besides, it is very inter-
esting to find LBP feature occupy the first place in the
selected features, and this result also demonstrates both the
global and local features are very important in distinguish-
ing protein patterns. In addition, in order to further illus-
trate the effects of adding local feature (i.e., LBP), we
compare the CSF method in case of before and after adding
the local features, respectively. Fig. 6 shows the results on
10 different db models by using BR model.

From Fig. 6, we find it that the subset accuracies of the 10
db models are consistently improved by adding LBP fea-
ture. Specifically, the average improvement for these 10 db
models is 6.73 percent, which demonstrates that the LBP
features can provide complementary information to
enhance the classification performance. The reason can be
summarized as that, the Haralick features only have the
ability to generalize the protein image by some global
aspects, such as inertia and isotropy, while LBP feature is
specialized in capturing the spatial structure of local image
texture. After the LBP features are included, we can obtain
two different representations to complement each other,
and thus the classification performance is improved.

3.3 Classification Comparisons by Applying
BR Mode

In this section, we compare our proposed CSF method with
other feature selection methods by applying the learning
mode of BR. First, in order to illustrate the differences
between CSF and the widely used SDA method, we record

Fig. 5. Number of selected features of different categories (i.e. global
feature and local feature) by applying CSF method.

TABLE 4
The Category (i.e., “G” and “I” Are Represented as Global

Feature and Local Feature, Respectively) of the Top
10 Ranked Features Corresponding to db2 Model

Rank 1 2 3 4 5 6 7 8 9 10
Categry L G G G G L L G G G

Fig. 6. Subset accuracies of CSF method in case of before and after
adding the local features. After adding the local feature, the classification
performance is significantly better than only using global feature (pair-
wise t-test at significance 95 percent level) for all of the 10 db models.
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the selected number of features by these two methods and
their commonly selected features in Fig. 7. It’s very interest-
ing by analyzing Fig. 7 that the number of the selected
features shared by these two methods is small when com-
paring with these two methods. The reason lies in that the
motivations of these two feature selection methods (i.e.,
SDA and CSF) are different. Specifically, for SDA method, it
mainly considers to select the features that can mostly dis-
tinguish different cellular compartments. As to CSF
method, we take notice of the correlation among different
cellular compartments, and thus select the features that
may be co-important to the co-existing locations. Morover,
as can be seen from Fig. 7, the selected number of features
for SDA and CSF methods are different, similar conclusion
can be obtained if the selected number of features in SDA is
equal to that in CSF (detailed analysis in Section S3 in the
Supplementary, available online).

Next, to evaluate the efficacy of the different feature
selection methods (i.e., CSF, GSF and SDA), we test them by
using the learning mode of BR, and the results of subset
accuracies are shown in Table 5. Results of other metrics
(i.e., recall and accuracy) are shown in Tables S8 and S10 in
Section S.6 of the supplementary, available online.

As can be seen from Table 5, our proposed method (CSF)
is genearlly significantly superior to the other twomethods if
we calculate the statistical significance by averaging the clas-
sification results for all of the 10 db models. This indicates
our proposed CSF method, which exploits the inherent rela-
tionship among different cellular compartments by adding

prior biological information, can help improve the prediction
performance of the multi-label based protein images. In
addition, Table 5 shows that the GSF method outperforms
SDA in most cases, these results also reflect the advantage of
using group sparsity framework to select features.

3.4 Improvement by Using the Learning Mode of CC

In Section 3.3, we have demonstrated that considering the
correlation among different cellular compartments by using
our proposed CSF method can improve the prediction per-
formance. However, as we use the learning mode of BR, it
neglects the relationship among different location predictors
in the learning procedure. In order to capture the depen-
dency in the prediction stage, we replace the learning model
of BR with CC for further improvements, and the results of
subset accuracy are shown in Table 6. Results of other met-
rics (i.e., recall and accuracy) are shown in Tables S9 and S11
in Section S6 of the supplementary, available online.

As can be observed from Table 6, on one hand, our pro-
posed CSF method significantly outperforms GSF and SDA
methods if we calculate the statistical significance by averag-
ing the classification results for all of the 10 db models. More-
over, the subset accuracies of CSF, GSF and SDA models can
achieve to 93.9, 91.7, and 88.6 percent, respectively if we apply
ensemble strategy (detailed analysis are listed in Section S.5 of
the Supplementary, available online) to combine the classifi-
cation results of the 10 db sets together. These results again
validate the superiority of our proposedCSFmethod. In addi-
tion, when comparing the classification results in Tables 5 and
6, we find that the learning mode of CC can always achieve
higher classification accuracies than BR. Specifically, for SDA,
GSF, and CSF methods, the average improvements for all of
the 10 db wavelets is 4.79, 4.55 and 4.59 percent, respectively.
These results show the advantage of the learning mode of CC
over the BR strategy. That is, it is able to take the label depen-
dencies into account in the learning stage.

4 DISCUSSION

4.1 Effect of Parameters for CSF Model

In this section, we evaluate the influence of the parameters
(i.e., b and g) in our proposed CSF model. Specifically,
we vary parameters of b and g from {24, 25, . . . , 28} and

Fig. 7. Number of features by applying different feature selection
methods.

TABLE 5
Subset Accuracies Comparisons Among Different Feature Selection Methods by Implementing the Learning Mode of BR

db1 db2 db3 db4 db5 db6 db7 db8 db9 db10

SDA 0.781 0.757 0.800 0.784 0.788 0.815 0.786 0.837 0.803 0.793
GSF 0.808 0.820 0.856 0.859 0.856 0.847 0.822 0.800 0.839 0.827
CSF 0.837 0.840 0.857 0.876 0.866 0.847 0.856 0.828 0.859 0.861

Our proposed csf method is significantly better than the comparing methods (pairwise t-test at significance 95 percent level).

TABLE 6
Subset Accuracies Comparisons Among Different Feature Selection Methods by Implementing the Learning Mode of CC

db1 db2 db3 db4 db5 db6 db7 db8 db9 db10

SDA 0.859 0.827 0.842 0.837 0.835 0.830 0.844 0.861 0.830 0.859
GSF 0.869 0.856 0.881 0.898 0.900 0.873 0.869 0.864 0.886 0.888
CSF 0.859 0.889 0.905 0.917 0.927 0.895 0.900 0.886 0.908 0.900

Our proposed csf method is significantly better than the comparing methods (pairwise t-test at significance 95 percent level).
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{2-7, 2-6, . . . , 24}, respectively, and record their correspond-
ing subset accuracies on the db7 model. The experimental
results are shown in Fig. 8.

As can be seen in Fig. 8, on one hand, if we fix the parame-
ter g; the measurement of subset accuracy is largely deter-
mined by the parameter value of b. It is reasonable because
the parameter b controls the sparsity of model and thus
determines the size of the optimal subset of features. On the
other hand, if the parameter of b is determined, we can
clearly see that the subset accuracy of our proposed model
fluctuates in a small range with the variance of g, which also
demonstrates that our model is robust to the parameter g.

4.2 Prediction on Independent Test Proteins

In previous experiments, each combination of protein and
tissue is both appeared in training and testing set by using
the cross-validation test. Another test of the ability of a sys-
tem is to recognize subcellular patterns for new proteins,

i.e., the so called independent test. So we add one more
experiment to compare CSF method with the other two
methods (i.e., GSF and SDA) for predicting proteins that are
not included in the training set. Specifically, we equally
divided 96 proteins (1,040 images with high validation and
objective scores) in the dataset [9] into 2 disjoint subsets,
with all the images from first fold of proteins for training
and the images from the remaining fold for testing. Here,
we use CC mode to solve this multi-label based classifica-
tion problem due to its superior classification performance
in previous groups of experiments. Moreover, besides the
criteria of subset accuracy, we also use the measurements of
accuracy and recall (shown in Eqs. (13) and (14)), which are
used to reflect the degree of partial correctness of the pre-
dicted labels, to compare the effects of different feature
selection methods (i.e., CSF, SDA and GSF). The results are
shown in Fig. 9,

Accuracy ¼ 1

n

Xn
i¼1

yytt \ hhtt
�� ��
yytt [ hhtt
�� �� (15)

Recall ¼ 1

n

Xn
i¼1

yytt \ hhtt
�� ��

yyttj j (16)

As can be seen from Fig. 9, our proposed CSF achieves
significantly higher subset accuracy, recall and accuracy
than the other two feature selection methods (i.e., GSF and
SDA). These results validate the superiority of the CSF
method to predict image-based protein subcellular loca-
tions. Moreover, when comparing the classification results
in Fig. 9 and Table 6, it is worth noting that, the subset accu-
racy of the above 3 methods on the unseen protein are lower
than those of predicting the proteins which have appeared
in both training and testing dataset. This is because the par-
tition strategies of these two groups of experiments are dif-
ferent, and we analysis it in detail in Section S.2 of the
Supplement, available online.

4.3 Slight Variation on Tree Structure

In Fig. 4, we have designed a tree structure to reflect the cor-
relation among different cellular compartments. Here, we
also design a variant of this tree structure in Fig. 10 (denoted
as V1). Specifically, comparing with Fig. 4, we suppose the
cellular compartment of nuclear has the metabolic function,
so it will be mis-located under the node of “Metabolic

Fig. 8. Subset accuracies for the db7 model with different parameter val-
ues of b and g.

Fig. 9. Comparisons between CSF and the other two feature selection
(i.e., SDA and GSF) methods for predicting proteins that are not included
in training set. Our proposed CSF method is significantly better than the
comparing methords on all of the 3 measurements (pairwise t-test at sig-
nificance 95 percent level).

Fig. 10. Tree representations of the hierarchy of cellular compartments V1.
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Function”. Then, for the tree structure V1. We also apply the
objective function in Eq. (5) to select features from the
image-based proteins with multiple localizations, and use
the learning mode of CC to accomplish the classification
task. The classification results are shown in Fig. 11.

As can be seen from Fig. 11, in most cases, the classifica-
tion results will be significantly decreased if we replace the
CSF-based tree structure (shown in Fig. 4) with V1 (shown
in Fig. 10). This result demonstrates that our proposed CSF-
based tree structure can reflect the true hierarchy of cellular
compartments to some extent.

4.4 Classification Comparisons by Applying
Differnent Similarity Matrices

In Table 2, we have calculated the similarity matrix among
different cellular compartments according to the fixed tree
structure (shown in Fig. 4). Here, we also compare it with
the similarity matrix constructed by applying MAHR
(Multi-label Hypothesis Reuse) [27] method. Specifically,
MAHR implements the idea as a boosting approach with a
hypothesis reuse mechanism, which is able to automatically
discover and exploit complex cellular relationship varying
from data. Table 7 shows the similarity matrix of db3 model
derived by MAHRmethod.

It is worth nothing that, the negative values in Table 7
indicate the mutually exclusive relationship between differ-
ent cellular compartments. Moreover, when comparing
Table 7 with Table 2, we find that the similarity matrices
derived from MAHR and CSF models are quit different. In
what follows, we will apply the objective function in Eq. (5)
with different similarity matrices (i.e., CSF and MAHR
based similarity matrices) to select features, and then use
the learning mode of CC to accomplish the classification
task. The classification results are shown in Fig. 12.

As can be seen from Fig. 12, we can achieve superior clas-
sification performance if we use the CSF-based similarity
matrix to depict the relationship among different cellular
compartments. These results show the advantage of simply
using the prior biological information to depict the relation-
ship among different cellular compartments.

4.5 Classification Comparison by Adding
Single-Label Protein

We have added another 6 single-label antibodies (688
images) to the benchmark dataset shown in Table 1. Then,
we will totally derive 1,511 images belonging to 13 antibod-
ies. The description of the newly added 6 antibodies is listed
in Table S18 in the supplement, available online.

For the 13 proteins (i.e., 6 single-label proteins and 7
multi-label proteins), we follow the partition strategy in [8]
and divide the images in each tissue of a specific antibody
into 2 subsets, with one subset used for training and the
remaining for testing, we compare the subset accuracies of
different feature selection methods (e.g., SDA, GSF, and
CSF) by utilizing the above validation strategy and the
results are shown in Fig. 13

As can be seen from Fig 13, our proposed CSFmethod can
still achieve better classification performance when compar-
ing with the other two approaches (e.g., GSF and SDA).
These results also validate the superiority of the CSFmethod
when some single label data are also included in the dataset.

5 CONCLUSION

In this paper, we propose a feature selection method (called
CSF) for predicting image-based proteins with multiple

Fig. 11. Classification accuracies by using different tree representation
for different db models. The CSF based tree structure is significantly bet-
ter than V1(pairwise t-test at significance 95 percent level).

TABLE 7
The Similarity Matrix of db3 Model Derived by Mahr Method

CYTO ER GOLGI LYSO MITO NUCLEAR VESICLE

CYTO 1 0 �0.11 �0:11 0 0:17 �0:10
ER 0 1 0 0 0 0 0
GOLGI �0:11 0 1 0:15 0:22 0 0:11
LYSO �0:11 0 0:15 1 0:08 0 0:11
MITO 0 0 0:22 0:08 1 0:16 0
NUCLEAR 0:17 0 0 0 0:16 1 �0:07
VESICLE �0:10 0 0:11 0:11 0 �0:07 1

Fig. 12. Classification accuracies by using different similarity matrix for
different db models. The CSF method is significantly better than MAHR
[27] method (pairwise t-test at significance 95 percent level).

Fig. 13. Comparison of different feature selection methods when adding
7 single-label antibodies to the dataset shown in Table 1.
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localizations. The best merit of proposed CSF approach is its
capability of catching the correlations between different cel-
lular organelles, which enables us to jointly select a subset
of features across different cellular compartments. To
achieve this goal, we introduce a new Laplacian term to
capture the intrinsic dependency among different com-
partments by using prior biological structural informa-
tion of different cellular compartments. To the best of
our knowledge, the CSF algorithm is the first method
capable of utilizing the correlation among different cellu-
lar compartments to guide the feature selection proce-
dure, which provides us a new strategy for dealing with
the multi-label protein images.

In addition, the tree structure in our proposed CSF
method is fixed, but apparently it cannot prove to be opti-
mal in all conditions. In future, we endeavor to optimize the
tree structure or the similarity value between different cellu-
lar compartments during the training procedure. In add-
tion, in this study, we assume the subcellular localization of
a certain protein across all tissues does not vary. This
assumption is a little arbitrary because it has been reported
that different tissues contain different inherent structures,
cell types and may vary widely in the expression of the pro-
tein and as mentioned proteins may have different localiza-
tions in various tissues [33]. Therefore, we will consider a
more complex condition that different proteins may have
different localizations in various tissues and build classifica-
tion models separately in our following study. Moreover, in
order to eliminate bias based on specific tissue samples, we
plan to segment regions of interest corresponding to specific
cell types in future work. Also, we plan to add non-image
data to our proposed method, for different biomarker may
provide complementary information [28] for the prediction
of protein subcellular localization. Finally, since deep learn-
ing [29], [30] is a new area of Machine Learning research,
which has been proved to be effective to learn discriminant
features from images [31], we will use this technique for fur-
ther performance improvement.
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