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. Activity prediction of AMPs from their amino acid sequences is of great therapeutic importance

but imposes challenges on prediction methods due to label interactions. In this paper we propose a
novel multi-label learning model to address this problem. A weighted K-nearest neighbor classifier
is adopted for efficient representation learning of the sequence data. A multiple linear regression
model is then employed to learn a mapping from the classifier score vectors to the target labels, with
label correlations considered. Several popular multi-label learning algorithms and feature extraction
methods were tested on a comprehensive, up-to-date AMP dataset with twelve biological activities
covered and its filtered version with five activities covered. The experimental results showed that our
proposed method has competitive performance with previous works and could be used as a powerful
engine for activity prediction of AMPs.

With an increasing number of drug-resistant microorganisms, the development of new-generation antibiotics
turns into an urgent challenge'. Antimicrobial peptides (AMPs) are a potential therapeutic alternative, which
are commonly found in the innate immune systems of nearly all kinds of life?. These peptides are broad spec-
trum antibiotics which have been demonstrated to kill bacteria, viruses, fungi and even cancer cells’. In addition
to antimicrobial, natural AMPs also possess many other activities that are of therapeutic importance, such as
wound healing, antioxidant and immune modulation®. In recent years, many machine learning methods have
been applied in AMP analysis, which may become useful tools to speed up the classification and design of AMPs.
However, most existing works only focused on the problem of identifying AMPs from peptide sequences (binary
classification problem), or giving them one of several activities (multi-class classification problem)>-'2. The activ-
ity prediction of AMPs is in fact a multi-label learning problem because any AMP may be relevant to one or more
activities. In 2013 a two level classifier iAMP-2L was proposed, in which the first level was to identify an AMP,
and then the second level involved predicting the activities of AMPs". In this work, however, only five activities
were considered and no existing multi-label learning methods were tested. To address these problems, firstly
we constructed a new dataset with twelve biological activities covered based on the latest antimicrobial peptide
database (APD) and a filtered dataset with only five activities covered but more biological significance; secondly,
several previously described multi-label learning methods and an original method presented in this work were
tested with both datasets.

As a trending topic in machine learning, multi-label learning is attracting more and more interest. Many
multi-label learning algorithms have been proposed and applied in various fields. The easiest way to implement
multi-label learning is the Binary Relevance (BR) method!*-1%, which decomposes a multi-label learning problem
into multiple binary classification problems for each label respectively, and then all the classical binary classifica-
tion methods could be used here. The main drawback is that the label correlation is ignored completely, which has
been shown to produce negative impacts on classification quality by many previous literature!”. Label Powerset
(LP) is another way to transform the multi-label learning into the traditional multi-class classification by treating

1Shenzhen Institutes of Advanced Technology, and Key Lab for Health Informatics, Chinese Academy of Sciences,
Shenzhen, Guangdong, 518055, China. 2Shenzhen College of Advanced Technology, University of Chinese Academy
of Sciences, Shenzhen, 518055, China. 3Computer Department, Jingdezhen Ceramic Institute, Jingdezhen, 333403,
China. “College of Mathematics and Statistics, Shenzhen University, Shenzhen, 518060, China. *Present address:
School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou, Zhejiang, 310018, China.
PuWang and Ruiquan Ge contributed equally to this work. Correspondence and requests for materials should be
addressed toY.L. (email: ye.li@siat.ac.cn) orY.C. (email: yp.cai@siat.ac.cn)

SCIENTIFICREPORTS|7:2202| DOI:10.1038/541598-017-01986-9 1


mailto:ye.li@siat.ac.cn
mailto:yp.cai@siat.ac.cn
https://doi.org/10.1038/s41598-018-28146-x

www.nature.com/scientificreports/

No. Activity Count
1 Antibacterial Peptides (Antibiofilms) 2255
2 Antiviral Peptides (Anti-HIV) 177
3 Antifungal Peptides 988
4 Antiparasitic Peptides (Antimalaria) 84

5 Anticancer Peptides 195
6 Anti-protist Peptides 4

7 Insecticidal Peptides 28

8 Spermicidal Peptides 12

9 Chemotactic peptides 56
10 wound healing 15
11 Antioxidant peptides 19
12 Protease inhibitors 22

Table 1. Number of sequences for different activities.

each possible label combination as a new class label'®. There are two limits to the application of LP. Firstly, if a label
set does not appear in the training dataset, it will not be predicted; secondly, if there are many candidate labels,
then there will be abundant newly mapped classes, and the sample size may be too small for some new classes.
RAKEL is an improvement version of LP by splitting the initial label set into small random subsets, and then
employs LP method to build classifiers for each subset'®. Based on the label distribution in K-nearest neighbors,
MLKNN uses maximum a posteriori (MAP) to predict the label set of a query sample?’. Rank-SVM is an adaption
of Support Vector Machine which uses the minimum ranking error as the optimization goal®!. Similarly, BP-MLL
is an extension of the traditional Back-Propagationnetwork? whose cost function was changed to rank loss. IBLR
is a KNN-based multi-label learning algorithm which integrates instance-based learning and logistic regression'.
Classifier Chains (CC) is another way to transform the multi-label learning into traditional single-label classifi-
cation, which also establishes multiple binary classifiers as BR, but the prediction of the subsequent classifier will
be affected by the output of the preceding one, in such a way, the label correlation is considered in the classifier
chains. Furthermore, ensemble method (ECC) with different ordered binary classifiers is adopted to reduce the
order effect in the chains®.

In this study we will propose a novel multi-label learning algorithm, which is composed of two sequential
modules. The first module is used to calculate label score for each label respectively, which in fact belongs to BR
method. Then the second module will comprehensively consider all label scores and give the final prediction. So
the label correlation is considered in a very simple yet effective way in which we neither need to create many new
class labels like the LP or RAKEL method, nor need to construct chains of classifiers like CC or ECC, which is
very time-consuming. What's more, the cost function used in our method is also different from the ones used in
Rank-SVM or BPMLL. Experiments on the newly constructed AMP dataset will demonstrate the superiority of
the proposed method.

Materials and Methods

Dataset. The antimicrobial peptide samples were extracted from the APD database, which focused on the
natural antimicrobial peptides with defined sequence and activity’. In May 2016, there were 2501 samples with
APD ID as the identifier, which began with ‘AP’ and five-digit number followed. As we know, the activities of
AMPs are not limited to antimicrobial. Among all the AMPs in this dataset, 12 activities (i.e. terminology ‘labels’
for machine learning) were covered. The biological terminology and number of sequences for each activity were
listed in Table 1, from which we can see that the most popular activity was Antibacterial that covered about 90%
of AMPs, and the Anti-protist was the rarest. The Label Cardinality (LC)'® and Label Density(LD)** are used to
measure the multi-labeled degree of this dataset. LC is the average number of labels per sample:

1 2501
LC=——Y|p| = 1.54,
2501 ;‘y"

where|y|is the number of activities (or labels) covered by the ith sample. LD is the average number of labels of the
examples divided by number of labels: LD = LC/12 = 0.13. The numbers of AMPs with different number of activ-
ities were listed in Table 2. About 58% AMPs were relevant to only one activity.

The sequence length distribution of all AMPs in APD is shown in Fig. 1, from which we can see that most
AMPs are 5~60 in length. In this dataset, the shortest sequence is AP02381 consisted of only two amino acid
residues; while the longest one is AP02157 with 174 residues.

From Table 1 we can see that the original dataset derived from APD is very unbalanced, so we filtered this
dataset by eliminating classes with less than 50 peptides. Additionally, because many small peptides would have
AMP activity by chemical modification, and many proteins (>60 residues in length) may be proteolyzed into
multiple peptides with multiple activities, so we also eliminated peptides with less than 10 residues or larger than
60 residues. Then there will be 2,222 AMPs and 5 possible activities left and the number of sequences for each
activity are listed in Table 3. For the filtered dataset, LC =1.49 and LD =0.30.
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Figure 1. Sequence length distribution in APD.

1 1449 57.94
2 829 33.15
3 172 6.88
4 34 1.36
5 12 0.48
6 2 0.08
7 1 0.04
8 1 0.04
9 1 0.04
10 0 0

11 0 0

12 0 0

In total 2501 100

Table 2. Number and percentage of AMPs with different number of activities.

1 Antibacterial Peptides (Antibiofilms) 2006
2 Antiviral Peptides (Anti-HIV) 155
3 Antifungal Peptides 903
4 Antiparasitic Peptides (Antimalaria) 70

5 Anticancer Peptides 178

Table 3. Number of sequences for different activities in the filtered dataset.

Feature Extraction. Sequence feature extraction is the foundation of most machine learning methods,
including multi-label learning. From some literature* we know that the amino acid composition (AAC) is the
most important factor for peptide classification and design, so it may be a good choice. AAC is defined as the
20-dimensional feature vector consists of the frequencies of different amino acids, and it has been successfully
used for many protein classification problems*-?’. Concretely, given an amino acid sequence P with L in length,

P = AAAAAA, ... A N

where A, is the first amino acid residue in sequence, A, is the second one, and so forth. This sequence can be rep-
resented as the AAC vector as [ay, a,, ..., dy] %, in which a; (i=1, 2, ..., 20) are the occurrence frequencies of the
20 native amino acids, and T is the transpose operator.

The averaged AAC of AMPs with different activities in the filtered dataset are shown in Fig. 2. It seems that
AMPs with different activities have different amino acid composition, which is the foundation of functional
diversity. Some similar patterns could also be found among different activities. This is not useless because the label
correlation may be reflected.
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Figure 2. Averaged amino acid composition of AMPs with different activities in the filtered dataset.

There is a material weakness for representing AMPs as AAC only because no sequence order information is
considered. So the dipeptide composition (DC)?*%, the frequencies of different dipeptides (combinations of two
adjacent amino acids), is also used to represent AMP sequence. The DC is a 400-dimensional vector as [d}, d,, ...,
dl% inwhich d; (i=1, 2, ..., 400) is the occurrence frequency of the ith dipeptide. Now any AMP sequence can
be converted to a 420-dimensional feature vector as below,

T
X =[x} Xps ooy Xp0 X1 Xpgs +ees Xgnp] )

in which the first twenty features are AAC and the other ones are DC.

Notational Conventions for Multi-label Learning. Let Q C R? denote a d-dimensional sample space,
andI" = {y]j = 1, ..., ¢} be the finite label set with ¢ possible class labels. Each sample x € {2 is associated with a

label set y CT'. In general, the label set y is represented as a c-dimensional binary label vector, in which y;=+1
means that label ~; is relevant to x, while y;= —1 indicates that ~; is irrelevant to x. The goal of multi-learning is to
find a function h: Q@ — P(I"), the power set of I', from the training dataset D = {(x;, yi)|i =1, 2, ---, n}. Then for
any unknown sample x, the trained multi-label classifier can estimate its label set i(x) C I'. In most cases, the
multi-label learning system do not offer the predicted labels directly, but the output values for all labels by a
real-valued function f: Q x I' — R¢, and the output f(x, ) can be regarded as the confidence of label y is associated
with x. Based on these output values, the prediction label set can be obtained by threshold segmentation™®.

h(x) = (Yf(x, v) > t, y € I} (3)

where t € Ris a threshold value. The outputs of relevant labels should be larger than the outputs of irrelevant
labels, i.e., f(x, 7') > f(x, 7")wheny’ € yand~y” & y'°.

The Proposed Method. There are two serial modules in the proposed method (Fig. 3). The first one is the
weighted K nearest neighbor algorithm (WKnn), which is used to get a c-dimensional label score vector for any
input sample, then the final outputs of this sample are obtained by the second module-multiple linear regression
(MLR), which is the same with the output layer of Extreme Learning Machine(ELM)?". In the training procedure,
the label scores of the training samples are calculated in Leave-one-out way, which means that for any training
sample, the rest is used for neighbor searching. This prevents bias or else the label scores of training samples and
testing samples will be very different. When all the label scores pass the MLR model, optimized parameters in
MLR are estimated by minimizing a cost function like in Equation (7). After training, the outputs and predicted
labels of any query sample will be easily got in the testing procedure. Now let’s give the detail of the two modules.

WKnn is an improvement on the original K nearest neighbor rule. Its basic idea is to weight the evidence of
the neighbor according to the similarities with the unknown sample, and the larger the similarity is, the more vot-
ing rights the neighbor will have. The similarity of any two samples x, and x; is measured in a max-min method
as below

d
Dimr¥ai N Xp
d

Sim(xy, xp) =
i—Xai V Xpi (4)

where A means taking the small and V taking the large. When an unknown sample x is to be classified, its K near-
est neighbors in the training dataset D associated with their class labels are given by (x¢, y;), 1 < k < K. Let the
similarities between x and these neighbors be 5(1 < k < K) respectively, which have been ordered so that
5y <'s, < -+ < s, then the weight of the kth nearest neighbor can be defined as the normalized similarities,

SCIENTIFICREPORTS|7:2202|DO0I:10.1038/s41598-017-01986-9 4



www.nature.com/scientificreports/

TRAIN

WKnn MLR |

Minimize
cost function

Leave-one-out

Training ;
Samples /

@>

X b4 f
—> WKnn MLR [——
TEST

Figure 3. Structure diagram of the proposed multi-label learning method.
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kL se =,

we={sx =
L Sk =5 (5)

With the weights of neighbors, we can calculate the score of x for each label as below

K
zj:Zwk Swe 1<j<c
e [ k= (©)

Obviously, the more neighbors have the label ~;, then the larger score may be obtained, and the score varies
from a maximum of one when this label is relevant to all the neighbors down to a minimum of zero when no
neighbor has this label.

Once any sample is converted to its label score vector, then its final output can be obtained through MLR
model. Let Z € R"*“"V e the label score matrix with the ith row corresponding to the label score vector z; of the
training sample x;, which has been augmented so that z, = [1z, ,z; ,--z; ['. Let Y € R"*“ be the label matrix
with the ith row corresponding to the c-dimensional label vector of sample x;. To minimize the output error, we
have the following optimization goal,

: 1 2, A
minJ(©) = —||Y — ZO|;, + =||©
S Iz + 1Oz @)
where © € RV is the coefficient matrix, ||e|| indicates the Frobenius norm. On the right-hand side of the
equation, the first term is the square of errors, while the second term is the regularization term, which is used to
reduce the parameter value and avoid overfitting. The non-negative X is the tradeoff of the two terms. The regres-
sion coefficient matrix © can be determined by setting VyJ/(©) = 0, then we can get the best parameter
estimation

6 = (Z'z + N 'ZY (8)

For any unknown sample x whose augmented score vector is z, then the output for all labels can be calculated
by

fxT)=2"6 ©)

This procedure is very useful to incorporate the label correlation. For example, the final output f{x, ~;) is deter-
mined by not only its own label score z; but also the scores of the other labels z; (1 <j<c, i=). In the frame of
minimizing the residual sum of squares, if a sample is relevant to one label, then the output of this label will tend
to 1. By contrast, if it doesn’t have the label, then the output will tend to —1. The middle value zero is set as the
threshold in Equation (3) to separate the relevant labels from the irrelevant labels.

Performance Measurements. The evaluation criteria on the multi-label dataset are very different from
the traditional singe-label dataset because each sample may have one or more class labels. Many complicated
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evaluation metrics have been proposed specially for multi-label learning in the literature!®!#1%%2 The following
ones are used in this work: (1) Hamming Loss, (2) Subset Accuracy, (3) One Error, (4) Coverage, (5) Ranking
Loss, (6) Average Precision, and (7) Micro-averaging F1 (Fmicro). Hamming Loss, Subset Accuracy and Fmicro
are label-based metrics, while the others are rank-based ones. It should be noted that a higher value is better for
subset accuracy, average precision or Fmicro, but lower is better for the others.

Results and Discussion

Influence of Superparameters. There are two superparameters in our proposed method, i.e. the number
of neighbors K and the regularization parameter X in Equation (7). Hold-out test was carried out to evaluate the
influence of the two parameters, in which 1/3 samples were randomly picked out as the testing set and the remain-
der was for training. The metric values with different combinations of parameters are shown in Fig. 4, from which
we can find that the influence of X is not as much as K. With the increasing of K, the performance is improved
quickly at first, and then reaches a plateau after about K= 10. Taking all metrics into account, K=15and A\=1
are set as the default.

Comparison with Different Multi-label Learning Methods. In this section, we compared the pro-
posed method with several existing multi-label learning algorithms, including MLKNN2°, BPMLL*?, IBLR',
RAKEL, CC and ECC?. All the compared methods can be implemented in the Mulan library®, which is a Java
package for multi-label learning. We grid-searched the parameters of the other methods by cross-validation on
the AMP dataset and the best results were used for comparison. In the Mulan library, there is only one parameter
for MLKNN and IBLR. The number of neighbors in both methods is determined from the values 2 to 20 with step
2. The default set is used in BPMLL. For the other algorithms, we choose the J48 with default parameters as the
base learner then tune the remaining arguments. RAKEL requires two parameters to be tuned. The values 1*c,
2%¢, and 3*c (c is the number of possible labels) are considered for the parameter NumberOfModel (number of
models), while 3, 6, and 9 are considered for the parameter SizeOfSubset (size of subset). There are no extra argu-
ments for CC but three ones for ECC, i.e. NumOfModels, doUseConfidences (Whether the output is computed
based on the average votes or on the average confidences), and doUseSamplingWithReplacement (Whether to
use sampling with replacement to create the data of the models of the ensemble). The first parameter is set to 30
and the others are set to ‘tru€’

Using the above multi-label learning methods, 10 repeats of 5-folds cross validation (5-CV) are conducted on
the original AMP dataset, and the averaged results of seven metrics together with their standard deviations are
summarized in Table 4. As can be seen, the averaged results of the proposed method are better than all the oth-
ers nearly in all the metrics, and its standard deviations are always relatively small. The above evidence strongly
suggests that our method is not only effective, but also robust. The performance of BPMLL seems to be the worst.
BPMLL is a neural network based model with the rank loss as cost function for multi-label learning, however
experiments in* showed that the performance could be improved significantly by changing this cost function,
so we also discard the rank loss cost function, and choose one like in Equation (7). MLKNN and IBLR are both
KNN-based methods, and their results are very similar. Interestingly, despite the poor performance of CC, its
ensemble version ECC is much improved.

Furthermore, to compare different multi-label learning methods with statistical significance, the paired
t-test with the significance level 0.05 was carried out on the 10 repeats of 5-CV results. The comparison triplet
CT(A, B) = (win/tie/loss) is used to count the events that algorithm A performs better than algorithm B, the
two algorithms perform equally, or algorithm A performs worse than algorithm B. The results of comparison
triplets are shown in Table 5, in which each triplet is obtained by the comparison between the algorithm in the
row (algorithm A) and the other one in the column (algorithm B). The sum of each triplet is seven, which is
the number of metrics to measure the performance of algorithms. The triplets in the last column are the sums
of the triplets in each row. Amazingly, the proposed method performed significantly better than all the other
ones in all metrics. The second place is taken by the ensemble method ECC, which surpasses nearly all the
others except the proposed. IBLR and MLKNN are also KNN-based methods, and the former performs slightly
better than the later, but they both fall far behind the proposed method. In terms of the total triplets in the
last column of Table 5, all the multi-label learning methods can be ranked as Proposed > ECC >IBLR > MLk
NN > RAKEL > CC > BPMLL, where symbol > means ‘better than' It should be noted that all the comparison
is conducted on only the AMP dataset, so we cannot state that the proposed method is better than the other
methods in other cases.

It is meaningful to compare the computational efficiency. We tested all the algorithms with default parameters
by 5-fold cross-validation on a computer with the Intel Core i3 CPU @3.4 GHz and 4 GB memory. In Java IDE, the
single-run execution time of the algorithms MLKNN, IBLR, BPMLL, RAKEL, CC and ECC were 98.67, 107.05,
148.46, 583.49, 149.01 and 3248.32 in seconds, respectively. While in MATLAB IDE the proposed method ran for
205.20 seconds. Prospectively the Java version of the proposed method will be more efficient. So the running time
of the proposed is reasonably well.

It should be noted that some AMPs with very short length in the original dataset are antimicrobial because of
chemical modification, and the learning or predicting based on amino acid composition lacks biological mean-
ing, so it is preferable to construct multi-label learning models using the filtered dataset.

When conducting Hold-out test on the filtered dataset with the proposed method, the metric landscapes
in regard to the hyperparameters were very similar to Fig. 4. Therefore, K= 15 and X =1 are also set as the
default parameters. For the other algorithms, all the parameters were grid-searched like the procedure above
and the best results were chosen for comparison. Similarly, 10 repeats of 5-CV are conducted on the filtered
dataset, and the averaged results of seven metrics together with their standard deviations are listed in Table 6.
With the cross-validation results, the paired t-test with the significance level 0.05 is carried out and the results of

SCIENTIFICREPORTS|7:2202|DO0I:10.1038/s41598-017-01986-9 6



www.nature.com/scientificreports/

Hamming Loss Subset Accuracy

Iogmk

Figure 4. Metric values with different combinations of superparameters by hold-out test on the original dataset.
The two horizontal axes represent the values of the two superparameters, and the vertical axis represents

the values of the metrics. For clarity the big metric values are mapped in red color while the small values are
mapped in blue color.

comparison triplets are shown in Table 7. From Tables 6 and 7 we can find that the proposed method is still the
best one.

Comparison with iAMP-2L. iAMP-2L is a two-level classifier for AMPs, in which the first level is used to
identify a peptide sequence as AMP or not, if it is, then its activities will be predicted in the second level®. Because
the proposition of the current work focuses on multi-label learning, only the method used in the second level of
iAMP-2L is picked out for comparison. In fairness, two multi-label learning algorithms with two different feature
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E;g"lning 0.0454+0.0004 | 0.0528+0.0006 | 0.2977 +0.0227 | 0.0523 = 0.0007 | 0.05400.0007 | 0.0600+0.0015 | 0.0502 = 0.0008
i‘fiﬁw | 0:5988+0.0049 | 0.545040.0040 | 0.0014:£0.0010 | 0.5494£0.0048 | 0.5258--0.0069 | 0.4992+0.0082 | 0.56620.0082
Average 0.9439+0.0011 | 0.9326+0.0016 | 0.66910.0680 | 0.93260.0013 | 0.8853£0.0023 | 0.84740.0044 | 0.92100.0020

Precision |
Coverage | | 0.933740.0104 | 0.985940.0105 | 2.059540.1971 | 0.998040.0084 | 1.899640.0332 | 2.077440.0698 | 1.3728 4-0.0207
One Error | | 0.0607 £0.0018 | 0.0768 £0.0026 | 0.4820£0.1523 | 0.0752 £ 0.0025 | 0.1028 +0.0029 | 0.171140.0070 | 0.0756 4-0.0030

Ranking
Loss |

Fmicro T 0.8082£0.0015 | 0.7679 £0.0022 | 0.4437 £0.0190 | 0.7758 £0.0025 | 0.7828 £0.0030 | 0.7574 £0.0048 | 0.7896 £ 0.0035

0.0234 £0.0005 | 0.0269 £0.0006 | 0.1120£0.0197 | 0.0275 £0.0005 | 0.0809 £0.0026 | 0.0947 £0.0045 | 0.0473 £0.0014

Table 4. Metric values of different multi-label learning methods through 5-CV on the original dataset. | means
lower is better; T means higher is better.

Proposed — 7/0/0 7/0/0 7/0/0 7/0/0 7/0/0 7/0/0 42/0/0
MLKNN 0/0/7 — 7/0/0 2/4/1 3/1/3 7/0/0 0/1/6 19/6/17
BPMLL 0/0/7 0/0/7 — 0/0/7 0/0/7 0/1/6 0/0/7 0/1/41
IBLR 0/0/7 1/4/2 7/0/0 — 3/1/3 7/0/0 0/0/7 18/5/19
RAKEL 0/0/7 3/1/3 7/0/0 3/1/3 — 7/0/0 0/1/6 20/3/19
CcC 0/0/7 0/0/7 6/1/0 0/0/7 0/0/7 — 0/0/7 6/1/35
ECC 0/0/7 6/1/0 7/0/0 7/0/0 6/1/0 7/0/0 — 33/2/7

Table 5. Comparison triplets CT(A, B) = (win/tie/loss) by paired t-test between each pair of methods on the
original dataset.

ilj;:“lm“g 0.099240.0014 | 0.10830.0009 | 0.63660.0214 | 0.107340.0007 | 0.1139-£0.0023 | 0.1258 40.0025 | 0.1055 = 0.0007
i‘fz:;cy + | 0:6141400056 | 0.58740.0033 | 0.0022:0.0008 | 0.5901+0.0040 | 0.5594:-0.0065 | 0.52800.0108 | 0.5928+0.0035
Average 0.955340.0010 | 0.9501 +0.0008 | 0.40180.0416 | 0.950640.0011 | 0.9289+0.0022 | 0.8821 +0.0049 | 0.9505 +0.0009

Precision T
Coverage | | 0.6899+0.0054 | 0.7050+0.0038 | 2.7546+0.2624 | 0.7006+0.0034 | 0.8208+0.0108 | 1.054540.0253 | 0.703240.0051
One Error | | 0.0565+0.0021 | 0.0669+0.0012 | 0.922440.0562 | 0.067040.0020 | 0.088840.0037 | 0.151740.0085 | 0.0661+0.0019

Ranking
Loss |

Fmicro T 0.8226 £0.0026 | 0.8011£0.0020 | 0.4509 £0.0135 | 0.8050 £0.0014 | 0.8064 £0.0037 | 0.7834 £0.0038 | 0.8131£0.0011

0.0444 £0.0010 | 0.0481 £0.0006 | 0.6203 £=0.0829 | 0.0471£0.0008 | 0.0714 £0.0025 | 0.1223 £0.0053 | 0.0473 £0.0010

Table 6. Metric values of different multi-label learning methods through 5-CV on the filtered dataset. | means
lower is better; T means higher is better.

Proposed — 7/0/0 7/0/0 7/0/0 7/0/0 7/0/0 7/0/0 42/0/0
MLKNN 0/0/7 — 7/0/0 0/3/4 6/0/1 7/0/0 0/4/3 20/7/15
BPMLL 0/0/7 0/0/7 — 0/0/7 0/0/7 0/0/7 0/0/7 0/0/42
IBLR 0/0/7 4/3/0 7/0/0 — 6/1/0 7/0/0 0/5/2 24/9/9
RAKEL 0/0/7 1/0/6 7/0/0 0/1/6 - 7/0/0 0/0/7 15/1/26
CcC 0/0/7 0/0/7 7/0/0 0/0/7 0/0/7 — 0/0/7 7/0/35
ECC 0/0/7 3/4/0 7/0/0 2/5/0 7/0/0 7/0/0 — 26/9/7

Table 7. Comparison triplets CT(A, B) = (win/tie/loss) by paired t-test between each pair of methods on the
filtered dataset.
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Hamming Loss | 0.0454 £ 0.0004 0.0483 £0.0005 0.0580+0.0003 0.0581 £0.0007
Subset Accuracy T 0.5988 4-0.0049 0.5733 £0.0040 0.4880 £ 0.0041 0.4848 £0.0043
Average Precision T 0.9439 10.0011 0.9383 £0.0012 0.9361+0.0010 0.9353£0.0015
Coverage | 0.9337 4+0.0104 0.9816 £0.0096 1.1006 +0.0116 1.11214+0.0161
OneError | 0.0607 - 0.0018 0.0689 £0.0018 0.0658 £0.0013 0.0682 £ 0.0025
Ranking Loss | 0.0234 4 0.0005 0.0259 £0.0005 0.0385 £ 0.0006 0.0400 £0.0010
Fmicro T 0.8082 4 0.0015 0.7955 £0.0021 0.7852£0.0010 0.7851 £0.0026

Table 8. The means and standard deviations of 5-CV results with the proposed method and iAMP-2L when
testing on the original dataset. The superscript a indicates the feature extraction method in this work, and b
indicates the PseAAC. | means lower is better; T means higher is better. The best value for each metric is in bold.

Hamming Loss | 0.0992 £ 0.0014 0.1018 £0.0012 0.1221+0.0020 0.1212£0.0023
Subset Accuracy T 0.6141 4 0.0056 0.6033 £0.0041 0.5149 £0.0063 0.5228 £0.0078
Average Precision | | 0.9553 4-0.0010 0.9534£0.0010 0.9526 £0.0014 0.9527 £0.0016
Coverage | 0.6899 £ 0.0054 0.6946 £ 0.0034 0.6911£0.0055 0.6953 £0.0064
OneError | 0.0565 £ 0.0021 0.0615£0.0019 0.0652 £0.0022 0.0638 £ 0.0028
Ranking Loss | 0.0444 4 0.0010 0.0457 £0.0007 0.0494 £0.0014 0.0498 £0.0015
Fmicro T 0.8226 1 0.0026 0.8176 £0.0023 0.8083 £0.0028 0.8091 £0.0033

Table 9. The means and standard deviations of 5-CV results with the proposed method and iAMP-2L when
testing on the filtered dataset. The superscript a indicates the feature extraction method in this work, and b
indicates the PseAAC. | means lower is better; T means higher is better. The best value for each metric is in bold.

extraction methods are all tested by 10 runs of 5-CV on the originally constructed dataset, so there are four sets of
experiment results listed in Table 8, in which the best values of different metrics are bolded. Obviously, the feature
extraction method in Equation (2) and the novel multi-label learning algorithm are the winning combination.
With the same feature extraction, the proposed multi-label learning algorithm significantly outperforms the one
used in iAMP-2L. With the same multi-label learning algorithm, the feature extraction method used in this work
is slightly better than the pseudo amino acid composition (PseAAC)>>%*. Perhaps this is because the minimum
sequence length in the new dataset is two and only the first-order correlation factors could be extracted, so the
power of PseAAC is restrained.

Because the results obtained from the original dataset lacks biological significance, we also compare
the proposed method and the second level classifier in iAMP-2L on the filtered dataset, in which the min-
imum sequence length is ten, and higher-order correlation factors can be used. As did in iAMP-2L, five
physical-chemical properties are used to code the peptide sequences, while the order of correlation factors
are grid-searched from 2 to 8 with step 2, and the four-order is found to be the best choice. So each peptide
sequence is converted to a 40-dimensional feature vector. We perform ten runs of 5-CV on the filtered data-
set using two different multi-label learning algorithms with two modes of feature extraction method respec-
tively and list the results in Table 9. As a whole, the proposed multi-label learning method is better than
the one used in iAMP-2L. The performance of the feature extraction method used in this work is slightly
better than PseAAC when using the proposed learning method, whereas the opposite is true for iIAMP-2L.
The dimension of PseAAC is much lower, and if more appropriate physical-chemical properties or chemical
modification information can be incorporated, we believe it will improve its performance, yet this has to be
tested in the future.

Conclusion

There have been many bioinformatics tools with good ability proposed for identifying a peptide sequence as AMP
or not, some of them can obtain the testing accuracy of more than 90%°%%13, When we get a peptide with high
antimicrobial potential by these tools, then we want to know its specific activities, yet there is few research about the
activity prediction of AMPs from the point of multi-label learning. In this work, a new AMP dataset and its filtered
version are created. After a detailed analysis of the sequence and activity information, the amino acid composition
and dipeptide composition are extracted to represent any AMP sequence as a feature vector. Then several multi-label
learning algorithms are tested on the newly constructed datasets. As far as we know, this is the first time to evaluate
so many multi-label learning methods for AMP activities prediction. What’s more, a novel multi-label learning
method is proposed, in which the label correlation could be taken into account effectively. Results by cross-validation
show that the proposed method outperforms the others significantly. At last, we compare the methods used in this
work with the ones in iAMP-2L, including feature extraction and multi-label learning algorithm. Experiments show
that the newly proposed method is competent for the prediction of AMP activities.

SCIENTIFICREPORTS|7:2202|DO0I:10.1038/541598-017-01986-9 9



www.nature.com/scientificreports/

References

1.
2.

3.

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.

21.
22.

23.
24.

25.
. Cedano, J., Aloy, P,, PerezPons, J. A. & Querol, E. Relation between amino acid composition and cellular location of proteins. ] Mol

27.

28.

29.

30.

32.

33.

34,

35.

36.

Fan, L. et al. DRAMP: a comprehensive data repository of antimicrobial peptides. Sci Rep 6, 24482, doi:10.1038/srep24482 (2016).
Hancock, R. E. W. & Sahl, H. G. Antimicrobial and host-defense peptides as new anti-infective therapeutic strategies. Nat Biotechnol
24, 1551-1557, d0i:10.1038/nbt1267 (2006).

Reddy, K. V., Yedery, R. D. & Aranha, C. Antimicrobial peptides: premises and promises. International journal of antimicrobial agents
24, 536-547, doi:10.1016/j.ijjantimicag.2004.09.005 (2004).

. Wang, G. S., Li, X. & Wang, Z. APD3: the antimicrobial peptide database as a tool for research and education. Nucleic Acids Res 44,

D1087-D1093, doi:10.1093/nar/gkv1278 (2016).

. Khosravian, M., Faramarzi, F. K., Beigi, M. M., Behbahani, M. & Mohabatkar, H. Predicting antibacterial peptides by the concept of

Chou’s pseudo-amino acid composition and machine learning methods. Protein Pept Lett 20, 180-186,
doi:10.2174/092986613804725307 (2013).

. Thomas, S., Karnik, S., Barai, R. S., Jayaraman, V. K. & Idicula-Thomas, S. CAMP: a useful resource for research on antimicrobial

peptides. Nucleic Acids Res 38, D774-780, doi:10.1093/nar/gkp1021 (2010).

. Lata, S., Mishra, N. K. & Raghava, G. P. AntiBP2: improved version of antibacterial peptide prediction. Bmc Bioinformatics 11(Suppl

1), 819, doi:10.1186/1471-2105-11-S1-S19 (2010).

. Torrent, M., Andreu, D., Nogués, M. V. & Boix, E. In Science and Technology Against Microbial Pathogens 386-389 (WORLD

SCIENTIFIC, 2012).

. Wang, G. Improved methods for classification, prediction, and design of antimicrobial peptides. Methods in molecular biology 1268,

43-66, doi:10.1007/978-1-4939-2285-7_3 (2015).

Lata, S., Sharma, B. K. & Raghava, G. P. Analysis and prediction of antibacterial peptides. Bmc Bioinformatics 8, 263,
doi:10.1186/1471-2105-8-263 (2007).

Lira, E, Perez, P. S., Baranauskas, J. A. & Nozawa, S. R. Prediction of antimicrobial activity of synthetic peptides by a decision tree
model. Applied and environmental microbiology 79, 3156-3159, doi:10.1128/ AEM.02804-12 (2013).

Wang, P. et al. Prediction of antimicrobial peptides based on sequence alignment and feature selection methods. Plos One 6, e18476,
doi:10.1371/journal.pone.0018476 (2011).

Xiao, X., Wang, P, Lin, W. Z,, Jia, J. H. & Chou, K. C. iAMP-2L: a two-level multi-label classifier for identifying antimicrobial
peptides and their functional types. Anal Biochem 436, 168-177, d0i:10.1016/j.ab.2013.01.019 (2013).

Boutell, M. R, Luo, J. B., Shen, X. P. & Brown, C. M. Learning multi-label scene classification. Pattern Recogn 37, 1757-1771,
doi:10.1016/j.patcog.2004.03.009 (2004).

Cheng, W. W. & Hullermeier, E. Combining instance-based learning and logistic regression for multilabel classification. Mach Learn
76,211-225, d0i:10.1007/s10994-009-5127-5 (2009).

Min-Ling, Z. & Zhi-Hua, Z. A Review on Multi-Label Learning Algorithms. Knowledge and Data Engineering, IEEE Transactions on
26, 1819-1837, doi:10.1109/TKDE.2013.39 (2014).

Zhang, M. L. & Zhou, Z. H. A Review on Multi-Label Learning Algorithms. Ieee T Knowl Data En 26, 1819-1837, doi:10.1109/
Tkde.2013.39 (2014).

Tsoumakas, G., Katakis, I. & Vlahavas, I. In Data Mining and Knowledge Discovery Handbook (eds Oded, Maimon & Lior, Rokach)
Ch. 34, 667-685 (Springer US, 2010).

Tsoumakas, G., Katakis, I. & Vlahavas, L. Random k-Labelsets for Multilabel Classification. Knowledge and Data Engineering, IEEE
Transactions on 23, 1079-1089, doi:10.1109/TKDE.2010.164 (2011).

Zhang, M. L. & Zhou, Z. H. ML-KNN: A lazy learning approach to multi-label leaming. Pattern Recogn 40, 2038-2048, doi:10.1016/j.
patcog.2006.12.019 (2007).

Elisseeff, A. & Weston, J. A kernel method for multi-labelled classification. Adv Neur In 14, 681-687 (2002).

Min-Ling, Z. & Zhi-Hua, Z. Multilabel Neural Networks with Applications to Functional Genomics and Text Categorization.
Knowledge and Data Engineering, IEEE Transactions on 18, 1338-1351, doi:10.1109/TKDE.2006.162 (2006).

Read, J., Pfahringer, B., Holmes, G. & Frank, E. Classifier chains for multi-label classification. Mach Learn 85, 333-359, d0i:10.1007/
§10994-011-5256-5 (2011).

Tsoumakas, G. & Katakis, I. Multi-Label Classification: An Overview. International Journal of Data Warehousing & Mining 3, 1-13
(2009).

Zhou, G. P. & Doctor, K. Subcellular location prediction of apoptosis proteins. Proteins 50, 44-48, doi:10.1002/prot.10251 (2003).

Biol 266, 594-600, doi:10.1006/jmbi.1996.0804 (1997).

Nakashima, H. & Nishikawa, K. Discrimination of Intracellular and Extracellular Proteins Using Amino-Acid-Composition and
Residue-Pair Frequencies. ] Mol Biol 238, 54-61, doi:10.1006/jmbi.1994.1267 (1994).

Ahmad, K., Waris, M. & Hayat, M. Prediction of Protein Submitochondrial Locations by Incorporating Dipeptide Composition into
Chou’s General Pseudo Amino Acid Composition. The Journal of membrane biology 249, 293-304, d0i:10.1007/500232-015-9868-8
(2016).

Ahmad, S., Kabir, M. & Hayat, M. Identification of Heat Shock Protein families and J-protein types by incorporating Dipeptide
Composition into Chou’s general PseAAC. Computer methods and programs in biomedicine 122, 165-174, doi:10.1016/j.
cmpb.2015.07.005 (2015).

Shen, X. P, Boutell, M., Luo, J. B. & Brown, C. Multi-label machine learning and its application to semantic scene classification. P Soc
Photo-Opt Ins 5307, 188-199 (2004).

. Huang, G. B,, Ding, X. J. & Zhou, H. M. Optimization method based extreme learning machine for classification. Neurocomputing

74,155-163, doi:10.1016/j.neucom.2010.02.019 (2010).

Schapire, R. E. & Singer, Y. BoosTexter: A boosting-based system for text categorization. Mach Learn 39, 135-168, doi:10.1023
/A:1007649029923 (2000).

Tsoumakas, G., Spyromitros-Xioufis, E., Vilcek, J. & Vlahavas, I. MULAN: A Java Library for Multi-Label Learning. ] Mach Learn
Res 12, 2411-2414 (2011).

Nam, ], Kim, J., Loza Mencia, E., Gurevych, I. & Fiirnkranz, J. In Machine Learning and Knowledge Discovery in Databases: European
Conference, ECML PKDD 2014, Nancy, France, September 15-19, 2014. Proceedings, Part II (eds Toon, Calders, Floriana, Esposito,
Eyke, Hiillermeier & Rosa, Meo) 437-452 (Springer Berlin Heidelberg, 2014).

Chou, K. C. Pseudo Amino Acid Composition and its Applications in Bioinformatics, Proteomics and System Biology. Curr
Proteomics 6, 262-274, d0i:10.2174/157016409789973707 (2009).

Chou, K. C. Prediction of protein cellular attributes using pseudo-amino acid composition. Proteins 43, 246-255, doi:10.1002/
Prot.1035 (2001).

Acknowledgements

This work was supported by the China 863 program (SS2015AA020109), Science and Technology Planning
Project of Guangdong Province (2015B010129012), the grants from the National Natural Science Foundation
of China (No. 31560316, No. 31260273, No. 61462047 and No. 61261027), and the Department of Education of
JiangXi Province (GJJ13641).

SCIENTIFICREPORTS|7:2202|DO0I:10.1038/s41598-017-01986-9 10


http://dx.doi.org/10.1038/srep24482
http://dx.doi.org/10.1038/nbt1267
http://dx.doi.org/10.1016/j.ijantimicag.2004.09.005
http://dx.doi.org/10.1093/nar/gkv1278
http://dx.doi.org/10.2174/092986613804725307
http://dx.doi.org/10.1093/nar/gkp1021
http://dx.doi.org/10.1186/1471-2105-11-S1-S19
http://dx.doi.org/10.1007/978-1-4939-2285-7_3
http://dx.doi.org/10.1186/1471-2105-8-263
http://dx.doi.org/10.1128/AEM.02804-12
http://dx.doi.org/10.1371/journal.pone.0018476
http://dx.doi.org/10.1016/j.ab.2013.01.019
http://dx.doi.org/10.1016/j.patcog.2004.03.009
http://dx.doi.org/10.1007/s10994-009-5127-5
http://dx.doi.org/10.1109/TKDE.2013.39
http://dx.doi.org/10.1109/Tkde.2013.39
http://dx.doi.org/10.1109/Tkde.2013.39
http://dx.doi.org/10.1109/TKDE.2010.164
http://dx.doi.org/10.1016/j.patcog.2006.12.019
http://dx.doi.org/10.1016/j.patcog.2006.12.019
http://dx.doi.org/10.1109/TKDE.2006.162
http://dx.doi.org/10.1007/s10994-011-5256-5
http://dx.doi.org/10.1007/s10994-011-5256-5
http://dx.doi.org/10.1002/prot.10251
http://dx.doi.org/10.1006/jmbi.1996.0804
http://dx.doi.org/10.1006/jmbi.1994.1267
http://dx.doi.org/10.1007/s00232-015-9868-8
http://dx.doi.org/10.1016/j.cmpb.2015.07.005
http://dx.doi.org/10.1016/j.cmpb.2015.07.005
http://dx.doi.org/10.1016/j.neucom.2010.02.019
http://dx.doi.org/10.1023/A:1007649029923
http://dx.doi.org/10.1023/A:1007649029923
http://dx.doi.org/10.2174/157016409789973707
http://dx.doi.org/10.1002/Prot.1035
http://dx.doi.org/10.1002/Prot.1035

www.nature.com/scientificreports/

Author Contributions

R.G. and L.L. performed the data extraction and analysis. PW. and X.X. designed the experiment. PW., Y.L. and
Y.C. contributed to analyze the data and experiment results. PW. and Y.C. wrote the paper. All authors gave final
approval for publication.

Additional Information
Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

. | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS|7:2202|DO0I:10.1038/541598-017-01986-9 11


http://creativecommons.org/licenses/by/4.0/

	Multi-label Learning for Predicting the Activities of Antimicrobial Peptides

	Materials and Methods

	Dataset. 
	Feature Extraction. 
	Notational Conventions for Multi-label Learning. 
	The Proposed Method. 
	Performance Measurements. 

	Results and Discussion

	Influence of Superparameters. 
	Comparison with Different Multi-label Learning Methods. 
	Comparison with iAMP-2L. 

	Conclusion

	Acknowledgements

	Figure 1 Sequence length distribution in APD.
	Figure 2 Averaged amino acid composition of AMPs with different activities in the filtered dataset.
	Figure 3 Structure diagram of the proposed multi-label learning method.
	Figure 4 Metric values with different combinations of superparameters by hold-out test on the original dataset.
	Table 1 Number of sequences for different activities.
	Table 2 Number and percentage of AMPs with different number of activities.
	Table 3 Number of sequences for different activities in the filtered dataset.
	Table 4 Metric values of different multi-label learning methods through 5-CV on the original dataset.
	Table 5 Comparison triplets CT(A, B) = (win/tie/loss) by paired t-test between each pair of methods on the original dataset.
	Table 6 Metric values of different multi-label learning methods through 5-CV on the filtered dataset.
	Table 7 Comparison triplets CT(A, B) = (win/tie/loss) by paired t-test between each pair of methods on the filtered dataset.
	Table 8 The means and standard deviations of 5-CV results with the proposed method and iAMP-2L when testing on the original dataset.
	Table 9 The means and standard deviations of 5-CV results with the proposed method and iAMP-2L when testing on the filtered dataset.




