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1

Functions of HybridGO-Loc Server

HybridGO-Loc is a subcellular-localization predictor which can deal with datasets with both single-label
and multi-label proteins. The HybridGO-Loc server can predict two different species (virus and plant)
and two different input types (amino acid sequences in FASTA format and protein accession numbers1
in UniProtKB [1] format).
HybridGO-Loc stands for mining Hybrid features on Gene Ontology (GO) for protein subcellular
Localization prediction, meaning that this predictor extracts the features of proteins from different perspectives of GO information (i.e. GO frequency occurrences and GO semantic similarity) and then
processes the information by a multi-label multi-class SVM classifier with an adaptive decision scheme.
The HybrdiGO-Loc predictor can deal with both single-location proteins and multi-location proteins.
For virus proteins, HybrdiGO-Loc is designed to predict 6 subcellular locations of multi-label viral
proteins. The 6 subcellular locations include: (1) viral capsid; (2) host cell membrane; (3) host endoplasmic reticulum; (4) host cytoplasm; (5) host nucleus; and (6) secreted. The predictor is not designed for
predicting the subcellular localization of non-viral proteins. Therefore, the prediction results of non-viral
proteins are arbitary and meaningless.
For plant proteins, HybrdiGO-Loc is designed to predict 12 subcellular locations of multi-label plant
proteins. The 12 subcellular locations include: (1) cell membrane; (2) cell wall; (3) chloroplast; (4)
cytoplasm; (5) endoplasmic reticulum; (6) extracellular; (7) golgi apparatus; (8) mitochondrion; (9)
nucleus; (10) peroxisome; (11) plastid; and (12) vacuole. Note (11) plastid here includes those plastid
groups except for (3) chloroplast. The predictor is not designed for predicting the subcellular localization
of non-plant proteins. Therefore, the prediction results of non-plant proteins are arbitary and meaningless.

1.1

Webserver Interface

Fig. 1 shows the interface of the HybridGO-Loc web-server. As can be seen, there are two steps to use
HybridGO-Loc: (1) select the species type and input type; (2) Input the query proteins in the form of
either FASTA sequences or accession numbers. Fig. 2 shows the four combinations of species types and
input types: virus protein amino acid sequences in FASTA format, virus protein UNIPROTKB accession
numbers, plant protein amino acid sequences in FASTA format and plant protein UNIPROTKB accession
numbers. There are also two ways to input the proteins: copy-and-paste the protein information into the
textbox or upload a file containing the proteins. Users may optionally provide an email address if they
upload a file containing many FASTA sequences or accession numbers. Prediction results will be emailed
to the users.

1.2

Inputing Protein Accession Numbers via Copy-and-Paste

Fig. 3 shows an example of using accession numbers (AC) as input. Note that HybridGO-Loc can deal
with one or more accession numbers (maximum 20)2 for each submission. Details of UniProtKB ACs can
be found on the ‘help’ page. After prediction, a prediction page similar to Fig. 4 will be shown, in which
the input statistics, prediction results and a link of a downloadable file containing the prediction results
are listed. Fig. 5 specifies the details of the downloadable prediction-result file.
1 http://www.uniprot.org/manual/accession
2 Note

numbers
that the updated server can allow users to input maximum 100 accession numbers for each submission.

2

Supplementary Materials for HybridGO-Loc

Input type selection
More info about the input format

Predict for copy-paste input

Clear copy-paste input
Input space (copy-paste)

Input file (upload)
Input email address
Clear file-upload input
Predict for file-upload input

Figure 1: Interface of the HybridGO-Loc web-server.

1.3

Inputing Protein Sequences via Copy-and-Paste

Fig. 6 shows an example of using protein amino acid sequences as input. Note that HybridGO-Loc can
deal with one or more protein sequences (maximum 10)3 for each submission. Details of FASTA format
can be found in the ‘help’ page. After prediction, a prediction page similar to Fig. 7 will be shown, where
the input statistics, prediction results and a link to a downloadable text file containing the prediction
results are listed. Fig. 8 specifies the details of the prediction-result file. Within the prediction results,
besides the final subcellular locations, the BLAST E-value is also shown for each query protein sequence.
3 Note

that the updated server can allow users to input maximum 50 sequences for each submission.
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Input format and type selection

Figure 2: Different formats and types of input.

1.4

File-Upload Function

HybridGO-Loc allows users to upload a text file containing a list of accession numbers or sequences
in FASTA format. Fig. 9 shows an example of uploading a file with a list accession numbers without
providing an email address. In this case, HybridGO-Loc will present the prediction results in HTML
format, as shown in Fig. 10. Also, a text file can also be downloaded from the result page. Fig. 11 shows
an example of the downloadable file.

1.5

Emailing Function

For ease of sending results and further processing the prediction results, an emailing function is added to
HybridGO-Loc. By providing their email address as shown in Fig. 12, users will receive the prediction

4
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Select: virus accession number

Input accession number

Press this button to predict

Figure 3: An example of using accession numbers as input.
results through emails. After prediction, an email with contents similar to that of Fig. 13 will be sent to
the designated email address. The prediction results are saved as an attachment within the email.

5

Supplementary Materials for HybridGO-Loc

Figure 4: Prediction results page for using accession numbers as input.

2

Statistical Methods

In statistical prediction, there are three methods that are often used for testing the generalization capabilities of predictors: independent tests, subsampling tests (or K-fold cross-validation) and leave-one-out
cross validation (LOOCV).
In independent tests, the training set and the testing set were fixed, thus enabling us to obtain a
fixed accuracy for the predictors. However, the selection of independent dataset often bears some sort of
arbitrariness [2], which inevitably leads to non-bias-free accuracy for the predictors.
In subsampling tests, here we use five-fold cross validation as an example. The whole dataset was
randomly divided into 5 disjoint parts with equal size [3]. The last part may have 1-4 more examples than
the former 4 parts in order for each example to be evaluated on the model. Then one part of the dataset
was used as the test set and the remained parts are jointly used as the training set. This procedure is
repeated five times, and each time a different part was chosen as the test set. The number of the selections
in dividing the benchmark dataset is obviously an astronomical figure even for a small-size dataset. This
means that different selections lead to different results even for the same benchmark dataset, thus still
being liable to statistical arbitrariness. Subsampling tests with a smaller K work definitely faster than
that with a larger K. Thus, subsampling tests are faster than LOOCV, which can be regarded as N -fold

6
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Figure 5: An example of the prediction-result file.
cross-validation, where N is the number of samples in the dataset, and N > K. At the same time, it is
also statistically acceptable and usually regarded as less biased than the independent tests.
In LOOCV, every protein in the benchmark dataset will be singled out one-by-one and is tested by the
classifier trained by the remaining proteins. In this case, the arbitrariness can be avoided because LOOCV
will yield a unique outcome for the predictors. Therefore, LOOCV is considered to be the most rigorous
and bias-free method [4]. Hence, LOOCV was used to examine the performance of HybridGO-Loc against
other state-of-the-art predictors.
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Select: virus protein sequence

Input protein sequence(s)

Press this button to predict

Figure 6: An example of using protein amino acid sequences as input.

3

BLAST Features

BLAST,4 short for Basic Local Alignment Search Tool, is one of the most widely used bioinformatics
programs [5]. It is an effective and useful tool to find homologs of the query proteins from a protein
database (e.g., Swiss-Prot) by comparing primary biological sequences, such as amino-acid sequences of
different proteins. After comparing, it can identify the protein sequences in the database that resemble
the query sequence above a certain threshold (i.e., E-value).
The main idea of BLAST is that there are often high-scoring segment pairs (HSP) contained in a
statistically significant alignment. BLAST searches for high scoring sequence alignments between the
query sequence and sequences in the database using a heuristic approach that approximates the Smith4 http://blast.ncbi.nlm.nih.gov/Blast.cgi
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Figure 7: Prediction results page for using accession numbers as input.
Waterman algorithm[6].5 The BLAST algorithm is more than 50 times faster than Smith-Waterman
algorithm although the former is less accurate than the latter.
In the HybridGO-Loc, we used the stand-alone BLAST program to search the homologs against the
Swiss-Prot database. The default parameter settings were adopted, namely, hvalue = 0.001, Evalue =
10. In terms of selecting the useful homologs, a successive-search strategy was adopted to construct
discriminative feature vectors. The details of this search strategy can be found in the paper.

5 http://en.wikipedia.org/wiki/BLAST

9

Supplementary Materials for HybridGO-Loc

Figure 8: Details of the downloadable prediction-results file.

4

The Properties of SVM

Support vector machines (SVMs), which were initiated by Vapnik [7], have become popular due to their
attractive features and promising performance. Compared to conventional neural networks in which
network weights are determined by minimizing the mean squares error between the actual and desired
outputs, SVMs optimize the weights by minimizing the classification error, which can remove the influence
of those patterns at a distance from the decision boundary. Generally speaking, an SVM classifier maps
a set of input patterns into a high-dimensional space and then finds the optimal separating hyperplane
and the margin of separations in that space. The obtained hyperplane is able to classify the patterns
into two categories and maximize their distance from the hyperplane.

4.1

Binary SVM Classification

SVMs are normally defined in terms of a class-separating score function, or hyperplane, f (x) = wT x + b,
which is determined in such a way that achieves the largest possible margin of separation. Suppose a
set of labelled samples are denoted by D = {(xi , yi )}i=1,...,n , where the i-th sample xi is drawn from
a d-dimensional domain X ∈ Rd and the corresponding label yi ∈ {−1, +1}. The SVM optimization
problem can be expressed as:
n
X
1
min kwk2 +C
ξi ,
(1)
w,ξi 2
i=1
subject to
wT xi + b ≥ +1 − ξi for yi = +1,
wT xi + b ≤ −1 + ξi for yi = −1,
ξi ≥ 0, i = 1, . . . , n.

10
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Select: virus protein sequence

Input file (with a list of
accession numbers)

Email is not mandatory.
Press this button to predict

Figure 9: An example of using a file with a list accession numbers as input without providing
emails.
where ξi (i = 1, . . . , n) is a set of slack variables, which alow some data to violate the constraints that
define the minimum safety margin required for the training data in the clearly separable case; C is a userdefined penalty parameter to penalize any violation of the safety margin for the training data. Definitely,
a larger C means a heavier penalty will be imposed on the same level of violation.
Moreover, when ξi = 0 (i = 1, . . . , n), the problem corresponds to the clearly linear-separable case, as
no slack conditions are needed and the second term in Eq. 1 should be removed.
When there exists ξi 6= 0 (i = 1, . . . , n), the problem becomes linearly non-separable, in which some
samples may fall on the margin of separation or on the wrong side of the decision boundary.
As mentioned above, the user-defined penalty parameter (C) could also affect the performance of
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Figure 10: Prediction results page for using a file input.
an SVM classifier. Generally, a larger C means heavier penalty on the violation of regulations for the
data, then the margin of separation will narrow so that fewer samples can violate the regulations; on
the contrary, a smaller C means less penalty on the violation, then there can exist more points not
“conforming to the rule” and so the margin of separation should be wider.
By introducing Lagrange multipliers αi (i = 1, . . . , n) and βi (i = 1, . . . , n), Eq. 1 can be expressed
as a Lagrangian below:
L(w, b, α) =

n
n
n
X
X
X
1
kwk2 +C
ξi −
αi (yi (wT xi + b) − 1 + ξi ) −
βi ξi ,
2
i=1
i=1
i=1

(2)

where αi ≥ 0 and βi ≥ 0. By differentiating L with respect to w and b, it can be shown [8] that Eq. 2 is
equivalent to the following optimizer:
max
α

n
X
i=1

n

αi −

n

1 XX
αi αj yi yj (xi · xj )
2 i=1 j=1

12
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Figure 11: Details of the downloadable prediction-results file.
subject to 0 ≤ αi ≤ C, i = 1, . . . , n,

Pn

i=1

αi yi = 0. At the same time, the weight can be obtained as:
n
X

αi yi xi

(4)

b = 1 − wT xk ,

(5)

w=

i=1

and the bias b can be expressed as:
where xk is any support vector whose label yk = 1.
Later, with w and b, we can find the decision function f (x) = wT x + b, with which we can judge
which class each sample belongs to.
While Eq 3 gives the optimized solution for linear case, it could be further generalized by kernelization.
In other words, Eq 3 can be kernelized as:
max
α

n
X
i=1

n

αi −

n

1 XX
αi αj yi yj (K(xi , xj ))
2 i=1 j=1

(6)

There are three common kernels: (1) linear kernel; (2) Gaussian radial basis function (RBF) kernel; (3)
polynomial kernel. The latter two are nonlinear kernels.
Linear kernel:
K(xi , xj ) = hxi , xj i
(7)
RBF kernel:
K(xi , xj ) = e

−kxi −xj k2
2σ 2

(8)

Polynomial kernel:
K(xi , xj ) = (xi · xj + 1)d

13
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Select: virus protein sequence

Input file (with a list of
protein sequences)

Input email for receive and save results

Press this button to predict

Figure 12: An example using a file with a list of protein sequences as input and providing
emails.
Nonlinear kernels may outperform linear kernels in some cases [9, 10], especially for classification of
data with low dimensions. However, when the dimension of feature vectors is larger than the number
of training data, it will aggravate the curse of dimensionality problem in non-linear SVMs [11]. The
over-fitting problem becomes more severe when the degree of non-linearity is high (i.e., small σ in RBF),
leading to degradation in performance, as demonstrated in [12]. In other words, highly nonlinear SVMs
become vulnerable to overfitting due to the high-dimensionality of the feature vectors.
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Figure 13: An example of the email containing the prediction results.

4.2

One-vs-rest SVM Classification

The earliest implemented multi-class SVM method is probably the one-vs-rest method. It constructs l
binary SVM classifier where l is the number of classes. The j-th SVM is trained with the data in the j-th
class with positive labels, and the data in the other classes with negative labels. Suppose the training
data are given by D = {(xi , li )}i=1,...,n , where the i-th sample xi is drawn from a d-dimensional domain
X ∈ Rd and the corresponding label li ∈ {1, . . . , l}. Then, the j-th SVM solves the following constraint
optimization problem:
n
X
1
minj kwj k2 +C
ξij ,
(10)
j
2
w ,ξi
i=1
subject to
(wj )T xi + bj ≥ +1 − ξij for li = j,
(wj )T xi + bj ≤ −1 + ξij for li 6= j,
ξij ≥ 0, i = 1, . . . , n.
Here, for ease of presentation, linear kernel is used (It’s easy to extend to nonlinear kernels). After
solving Eq. 10, there are l decision functions as:
fj (xi ) = (wj )T x + bj , j = 1, . . . , l

15
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Then, The label of the i-th data xi can be determined by the following formula:
l

M∗ (xi ) = arg max(fj (xi )).

(12)

j=1

4.3

Multi-label SVM Classification

The implementations of various multi-class SVM classifiers enable them to be applicable to different
problems, but so far, the SVM classifiers discussed above are limited to the classification of single-label
problems, which means that a sample can only be classified into one class. But in reality, problems
involving multi-label samples are prevalent. For example, in protein subcellular localization, many proteins can simultaneously reside at, or move between, two or more different subcellular locations and they
may play important roles in some metabolic processes that take place in more than one compartment,
such as fatty acid β-oxidation in the peroxisome and mitochondria, and antioxidant defense in the cytosol, mitochondria and peroxisome [13]. Therefore, multi-label SVM classification should be paid special
attention.
There are many classifiers designed for multi-label problems, such as binary relevance (BR) [14],
ensemble of classifier chains (ECC) [15], multi-label K-nearest neighbor (KNN) classifier [16], etc. Here,
a multi-label classifier based on SVM classifiers, which have been attested and demonstrated to be valid
and effective by our research experiments, is presented.
First, the data set D = {(xi , L(xi ))}i=1,...,n (L(xi ) ⊂ {1, . . . , M }) is used for training the multi-label
one-vs-rest SVMs. Specifically, for an M -class problem, M independent binary SVMs are trained, one
for each class. Then, from the analysis of Section 4.2, the score of the m-th SVM given the i-th test data
ti is
X
sm (ti ) =
αm,r ym,r K(xr , ti ) + bm
(13)
r∈Sm

where Sm is the set of support vector indexes corresponding to the m-th SVM, αm,r are the Lagrange
multipliers, K(·, ·) is a kernel function. ym,r ∈ {−1, +1} are the class labels (here we call them “the
transformed labels”), which are denoted as:
1. For single-label xr ,

ym,r =

+1 , if L(xr ) = m
−1 , otherwise.

(14)

T
+1 , if L(xr ) {m} =
6 ∅
−1 , otherwise.

(15)

2. For multi-label xr ,

ym,r =

where m ∈ {1, . . . , M } and L(xr ) is the true label set of the r-th training data xr . Note that unlike the
single-label problem where each sample has one and only one positive transformed label, a multi-label
sample can have more than one positive transformed label.
Then the class(es) of the test data should be predicted by some decision-making strategies which
should be able to make both single-label and multi-label prediction(s). HybridGO-Loc web-server uses an
adaptive-decision scheme [17] which is adaptive to the test protein, namely the second scheme mentioned
in the paper. Details of the decision scheme can be found in the paper and in [17].

16

Supplementary Materials for HybridGO-Loc

5

Dataset Construction

HybrdiGO-Loc uses two benchmark datasets and a new plant dataset. All of them were constructed by
using the same standard procedures. The differences are the species (i.e., virus or plant), the Swiss-Prot
versions and date of construction (i.e., Swiss-Prot 57.9 released on 22-Sept-2009 for benchmark virus
dataset, Swiss-Prot 55.3 on 29-Apr-2008 for the benchmark plant dataset, and the date between 08-Mar2011 and 18-Apr-2012 for the new plant dataset). Here, we take the new plant dataset as an example to
illustrate the details of the procedures, which are specified as follows:
1. Go to the UniProt/SwissProt official webpage (http://www.uniprot.org/);
2. Go to the ‘Search’ section and select ‘Protein Knowledgebase (UniProtKB)’ (default) in the ‘Search
in’ option;
3. In the ‘Query’ option, select or type ‘reviewered: yes’;
4. Select ‘AND’ in the ‘Advanced Search’ option, and then select ‘Taxonomy [OC]’ and type in
‘Viridiplantae’;
5. Select ‘AND’ in the ‘Advanced Search’ option, and then select ‘Fragment: no’;
6. Select ‘AND’ in the ‘Advanced Search’ option, and then select ‘Sequence length’ and type in ‘50 ’ (no less than 50);
7. Select ‘AND’ in the ‘Advanced Search’ option, and then select ‘Date entry integrated’ and type in
‘20110308-20120418’;
8. Select ‘AND’ in the ‘Advanced Search’ option, and then select “Subcellular location: XXX Confidence: Experimental”; (XXX means the specific subcellular locations. Here it includes 12 different
locations: cell membrane; cell wall; chloroplast; endoplasmic reticulum; extracellular; golgi apparatus; mitochondrion; nucleus; peroxisome; plastid; vacuole.)
9. Further exclude those proteins which are not experimentally annotated (This is to recheck the
proteins to guarantee they are all experimentally annotated).
After selecting the proteins, Blastclust6 was applied to reduce the redundancy in the dataset so that none
of the sequence pairs has sequence identity higher than 25%.
The details of the breakdown of the two benchmark datasets and the new plant dataset are listed in
Table 1 and Table 2. All the datasets can be accessible from the page of Datasets of HybridGO-Loc webserver. HybridGO-Loc server is available at http://bioinfo.eie.polyu.edu.hk/HybridGoServer/.

6 http://www.ncbi.nlm.nih.gov/Web/Newsltr/Spring04/blastlab.html
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6

Proof of No Bias during LOOCV

Suppose a set of labelled samples are denoted by D = {(xi , yi )}i=1,...,n , where the i-th sample xi is drawn
from a d-dimensional domain X ∈ Rd and the corresponding label yi ∈ {−1, +1}. The soft-margin
Lagrangian for SVM is:
L(w, b, α) =

n
n
n
X
X
X
1
kwk2 +C
ξi −
αi (yi (wT xi + b) − 1 + ξi ) −
βi ξi ,
2
i=1
i=1
i=1

(16)

where αi ≥ 0 and βi ≥ 0. By differentiating L with respect to w and b, it can be shown that Eq. 16 is
equivalent to the following optimizer:
max
α

n
X

n

αi −

i=1

n

1 XX
αi αj yi yj (xi · xj )
2 i=1 j=1

(17)

Pn
subject to 0 ≤ αi ≤ C, i = 1, . . . , n, i=1 αi yi = 0.
During LOOCV, if a new GO term is found in the test protein, then during the training part, we
extend the d-dim feature vectors to (d +1)-dim to incorporate the GO term with the corresponding entry
xi
being 0, namely xi becomes x0i =
.
0
Then, Eq. 17 becomes:
max
α

n
X
i =1

αi −

n
n
n
n
n
X
1 XX
1XX
αi αj yi yj (x0i · x0j ) = max
αi −
αi αj yi yj (xi · xj + 0 · 0)
α
2 i =1 j =1
2 i=1 j=1
i=1
n
X

n

n

(18)

1 XX
= max
αi −
αi αj yi yj (xi · xj ),
α
2 i=1 j=1
i=1
Pn
subject to 0 ≤ αi ≤ C, i = 1, . . . , n, i=1 αi yi = 0. Therefore, αi will not be affected by the extended
feature vectors.
Based on this, the weight can be obtained as:
w0 =

n
X

αi0 yi x0i

i=1

=

n
X


αi yi

i=1Pn
=

=

w
0

xi
0



i=1 αi yi xi
0


18
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and the bias b can be expressed as:
T

b0 = 1 − w0 x0k

= 1 − [w 0] ·

xk
0


(20)

= 1 − w T xk
=b
where x0k is any support vector whose label yk = 1.
Therefore, for any test protein with a feature vector written as

x0t


=

xt
at


, where at 6= 0, the SVM

score is:
f (x0t ) = (w0 )T x0t + b0


xt
= [w 0]
+b
at

(21)

T

= w xt + b
= f (xt )
In other words, using the extended feature vectors during LOOCV will not cause bias compared to using
the original vectors.
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Table 1: Breakdown of the (a) virus protein dataset and (b) plant protein dataset. The sequence
identity of both datasets is cut off at 25%. The superscripts v and p stand for the virus and plant
datasets, respectively.
Label Subcellular Location
1
Viral capsid
2
Host cell membrane
3
Host endoplasmic reticulum
4
Host cytoplasm
5
Host nucleus
6
Secreted
v
Total number of locative proteins (Nloc
)
v
Total number of actual proteins (Nact )

No. of Locative Proteins
8
33
20
87
84
20
252
207

(a) Viral protein dataset
Label Subcellular Location
1
Cell membrane
2
Cell wall
3
Chloroplast
4
Cytoplasm
5
Endoplasmic reticulum
6
Extracellular
7
Golgi apparatus
8
Mitochondrion
9
Nucleus
10
Peroxisome
11
Plastid
12
Vacuole
Total number of locative proteins (N p )
loc
p
Total number of actual proteins (Nact
)

No. of Locative Proteins
56
32
286
182
42
22
21
150
152
21
39
52
1055
978

(b) Plant protein dataset

21

Supplementary Materials for HybridGO-Loc

Table 2: Breakdown of the new plant dataset. The dataset was constructed from Swiss-Prot created
between 08-Mar-2011 and 18-Apr-2012. The sequence identity of the dataset is below 25%.
Label Subcellular Location
1
Cell membrane
2
Cell wall
3
Chloroplast
4
Cytoplasm
5
Endoplasmic reticulum
6
Extracellular
7
Golgi apparatus
8
Mitochondrion
9
Nucleus
10
Peroxisome
11
Plastid
12
Vacuole
Total number of locative proteins
Total number of actual proteins
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No. of Locative Proteins
16
1
54
38
9
3
7
16
46
6
1
7
204
175

