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Abstract

Accumulated researches have revealed that Piwi-interacting RNAs (piRNAs) are regulating the development of germ and

stem cells, and they are closely associated with the progression of many diseases. As the number of the detected piRNAs is

increasing rapidly, it is important to computationally identify new piRNA-disease associations with low cost and provide

candidate piRNA targets for disease treatment. However, it is a challenging problem to learn effective association patterns

from the positive piRNA-disease associations and the large amount of unknown piRNA-disease pairs. In this study, we

proposed a computational predictor called iPiDi-PUL to identify the piRNA-disease associations. iPiDi-PUL extracted the

features of piRNA-disease associations from three biological data sources, including piRNA sequence information, disease

semantic terms and the available piRNA-disease association network. Principal component analysis (PCA) was then

performed on these features to extract the key features. The training datasets were constructed based on known positive

associations and the negative associations selected from the unknown pairs. Various random forest classifiers trained with

these different training sets were merged to give the predictive results via an ensemble learning approach. Finally, the web

server of iPiDi-PUL was established at http://bliulab.net/iPiDi-PUL to help the researchers to explore the associated diseases

for newly discovered piRNAs.
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Introduction

Piwi-interacting RNAs (piRNAs) are small noncoding RNAs. Dif-

ferent from other small noncoding RNAs, such as microRNAs

(miRNAs) and small interfering RNAs (siRNAs), piRNAs have 26–

31 nucleotides and perform biological functions via interact-

ing with Piwi-subfamily Argonaute proteins [1]. Emerging evi-

dence indicates that piRNAs are involved in various biological

processes of germ cell and somatic cell, including transposon
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silencing, gene expression, heterochromatin modification, his-

tone modification, DNA methylation, etc. [2–5].

More and more piRNAs have been validated to be associated

with many diseases. Identifying disease-associated piRNAs can

facilitate the diagnosis and treatment of diseases [6–11]. For

example, piR-1245 can serve as an effective biomarker for col-

orectal cancer, because overexpression of piR-1245 is frequently

experienced in the patients with colorectal cancer, and higher
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expression of piR-1245 leads to significantly shorter overall sur-

vival [8]. Compared with healthy volunteers, piR-hsa-1282 is

downregulated in the peripheral blood of gastric cancer patients.

Therefore, piR-hsa-1282 is considered as a useful biomarker in

the noninvasive screening for gastric cancer [9].

In the recent years, various databases [12–14] and computa-

tional predictors [15, 16] have been built to promote the piRNA

function analysis. However, the research on the involvement

of piRNAs in human diseases still remains in its infancy.

The piRDisease v1.0 [17] collecting numerous experimentally

validated piRNA-disease associations provides an opportunity

for predicting disease-associated candidate piRNAs through

computational methods. Therefore, computational methods for

piRNA-disease association identification are highly required.

In this study, we proposed a new computational method

called iPiDi-PUL to identify potential piRNA-disease associations

via positive unlabeled learning based on random forest (PUL-RF).

The iPiDi-PUL predictor has the following advantages: (i) three

different biological data sources, including piRNA sequence

information, disease semantic terms and the experimentally

verified piRNA-disease association network, were integrated to

describe the features of piRNA-disease associations compre-

hensively. Meanwhile, the principal component analysis (PCA)

[18–20] was employed to eliminate noise so as to obtain more

accurate features for each association. (ii) Multiple training

sets with the same positive associations but different negative

pairs selected from the unknown piRNA-disease pairs were

used to train several random forest classifiers [21–23] so as

to overcome the instability of a single classifier; (iii) a web

server of iPiDi-PUL has been established at http://bliulab.net/i

PiDi-PUL, making it convenient for researchers to analyze the

relationships between diseases and the piRNAs. It is the first

web server for piRNA-disease association identification.

Materials and methods

Benchmark dataset

The database piRDisease v1.0 [17] containing experimentally

verified piRNA-disease associations was employed to construct

and evaluate the iPiDi-PUL predictor. The human piRNAs with

piRNA IDs in piRBase v2.0 [13, 14] were extracted, and the

duplicate data were removed. Finally, 5002 experimentally

validated piRNA-disease associations between 4350 piRNAs

and 21 diseases were obtained. The benchmark dataset can be

defined as:

S = S
P
⋃

S
U (1)

where SP represents the positive subset with 5002 experimen-

tally verified piRNA-disease associations, and S
U is the subset

with all the 86 348 unknown piRNA-disease pairs, containing all

the combinations between 4350 piRNAs and 21 diseases except

the positive associations inSP. The benchmark datasetS is freely

available at http://bliulab.net/iPiDi-PUL/dataset/.

Method overview

The framework of the proposed iPiDi-PUL is shown in Figure 1.

There are four steps: (i) the initial features were generated for

the piRNA-disease associations based on the piRNA sequence

information, disease semantic terms and the known piRNA-

disease association network; (ii) PCA was used to extract the key

features of the associations; (iii) multiple training datasets were

constructed. Each training dataset includes both positive asso-

ciations and negative associations. The negative associations

were randomly selected from the unknown piRNA-disease pairs

with the same number of positive associations; (iv) several RF

classifiers were trained based on the different training datasets.

Finally, an unknown association can be predicted by the trained

RFs in an ensemble learning approach based on the average

score of all the RF classifiers.

Features of piRNA-disease associations

Extraction of effective features for piRNA-disease associations is

an important step for constructing a reliable predictor. Previous

studies have suggested that aberrance of noncoding RNAs with

similar biological function may cause similar diseases [24–27].

Therefore, the features of the association between the ith piRNA

and the jth disease can be represented as:

Fi,j =

[

SP
(

i,
)

SD
(

j,
)]T

(2)

where SP
(

i,
)

is the feature vector representing the similarities

between the ith piRNA and other piRNAs. SD
(

j,
)

is the feature

vector representing the similarities between the jth disease and

other diseases. SP is the similarity matrix of all the piRNAs, and

SD is the similarity matrix of all the diseases.

Gaussian Interaction Profile (GIP) kernel [28] aims tomeasure

the similarities of biological entities based on their interaction

profile information, and it has been successfully applied to

compute the disease similarity and noncoding RNA similarity

[25, 27]. Based on the assumption that similar piRNAs tend to be

associated with similar diseases, and vice versa, the GIP kernel

was employed to compute piRNA similarity and disease simi-

larity based on the known piRNA-disease association network.

Because the sequence information can also effectively describe

the attribute of noncoding RNAs [24, 29, 30], in this study, the

piRNA similarmatrix SP was computed via integrating the piRNA

sequence similarity and the GIP kernel similarity [28] as follows:

SP =
(

SP
1 + SP

2

)

/2 (3)

and

SP
1

(

i,p
)

=
SW

(

i,p
)

√

SW
(

i, i
)

× SW
(

p,p
)

(4)

SP
2

(

i,p
)

= exp
(

−λp

∥

∥A
(

i,
)

− A
(

p,
)∥

∥

2
)

(5)

where
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(6)

λp = λ′
p/

(

1

m

m
∑

i=1

∥

∥A
(

i,
)∥

∥

2

)

(7)

SP
1 and SP

2 are the sequence similarity matrix, and the GIP

kernel similarity matrix of piRNAs, respectively. The piRNA

sequence was downloaded from the piRDisease v1.0 [17]. SW(i,p)

was computed by Smith-Waterman alignment algorithm [31],
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Figure 1. The framework of iPiDi-PUL. Firstly, the initial features for each piRNA-disease association are obtained by computing the piRNA similarity and disease

similarity. Secondly, the key features of associations are extracted by PCA. Thirdly, multiple training datasets are constructed based on the same positive subset and

different negative subsets. The positive subset contains all the positive associations, and the negative subsets are formed by different negative associations randomly

selected from the unknown piRNA-disease pairs with the same number of positive associations. Finally, several predictors are trained, and the final associated scores

are obtained using average scores of these predictors.

representing the sequence alignment score between the ith

piRNA and the pth piRNA. A is the association adjacency

matrix between m piRNAs (m = 4350) and n diseases (n = 21).

ai,j = 1 if the ith piRNA is associated with the jth disease with

experimental validation, otherwise ai,j = 0. A(i, ) is the ith row of

A representing the disease-interaction profile of the ith piRNA.

The parameter λ′
p for controlling kernel bandwidth was set as 1

following [28, 32].

Recent studies have shown that directed acyclic graph (DAG)

is able to clearly describe the semantics of diseases [33, 34].

For the DAG of each disease, nodes denote various disease

terms, and edges denote the relations between the different

disease terms.More common parts of DAGsmay appear between

the similar diseases. The disease semantic terms and piRNA-

interaction profiles can measure disease attribute from two

different perspectives. In this study, to obtain a more accurate

disease similarity, the disease similar matrix SD was computed

by combining the disease semantic similarity [35, 36], and the

GIP kernel similarity [28] as follows:

SD =
(

SD
1 + SD

2

)

/2 (8)

and

SD
1

(

j,q
)

=

∑

t∈Tj∩Tq

(

Cj(t) + Cq(t)
)

∑

t∈Tj
Cj(t) +

∑

t∈Tq
Cq(t)

(9)

SD
2

(

j,q
)

= exp
(

−λd

∥

∥A
(

, j
)

− A
(

,q
)∥

∥

2
)

(10)

where

{

Cq(t) = max
{

γ × Cq (t′) |t′ ∈ children of (t)
}

if t 6= qth disease

Cq(t) = 1 otherwise

(11)

λd = λ′
d/





1

n

n
∑

j=1

∥

∥A
(

, j
)∥

∥

2



 (12)

SD
1 and SD

2 are the semantic similarity matrix, and the GIP

kernel similarity matrix of diseases, respectively. The disease

semantic information was downloaded from Disease Ontology

[37].Tj is the set containing all the disease terms in the DAG of

the jth disease, and Cj(t) denotes the semantic contribution of

disease term t ∈ Tj related to the jth disease. γ is the semantic
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Figure 2. The pseudo-code of PUL-RF to identify piRNA-disease associations.

contribution factor, which was set to 0.5 according to [24, 38].

A
(

, j
)

is the jth column of the association adjacency matrix A

(cf. Eq. 6), representing the piRNA-interaction profile of the jth

disease. The original bandwidth λ′
d was set to 1 following [28, 32].

Positive unlabeled learning based on random forests

Traditional bagging strategy performs bagging on the same neg-

ative set and selects a subset of positive samples in each training

process. To alleviate the false negative problem of the unknown

piRNA-disease pairs and to fully utilize the limited positive

associations, the positive unlabeled learning (PUL) [39, 40] was

adopted in this study. As an improved bagging strategy, PUL

has been successfully applied to solve many positive-unlabeled

problems, such as the identification of miRNA-disease associ-

ations [41, 42], lncRNA-disease association prediction [29], etc.

Because random forests are robust enough, the positive unla-

beled learning based on random forests (PUL-RF)was used in this

study to determine potential piRNA-disease associations. The

pseudo-code of PUL-RF is shown in Figure 2. Numerous learn-

ing processes were implemented based on T different training

datasets. For each base learning process, the training datasetwas

composed of two subsets:

S
train
i = S

P
⋃

S
N
i i = 1, 2, · · · ,T (13)

with

∣

∣S
P
∣

∣ =
∣

∣S
N
i

∣

∣ i = 1, 2, · · · ,T (14)

where S
P(cf. Eq. 1) is the positive training subset, and S

N
i is

the negative training subset. The numbers of piRNA-disease

associations in SP and SN
i are the same. Because there is no vali-

dated negative piRNA-disease association,SN
i is composed of the

randomly selected pairs from the unknown pair subset SU(cf. Eq.

1). In order to remove the redundant and noisy information, the

principal component analysis (PCA) was performed on the train-

ing and test datasets to reduce the dimension of the features.

Finally, the unknownpiRNA-disease associationswere identified

based on the average score of all the T RF classifiers. The larger

the average score is, the more likely the piRNA associated with

the disease is.

Performance evaluation

Cross-validation is a key approach to evaluate the performance

of predictors [43–47]. In this study, the five-fold cross-validation

[48] and disease-specific cross-validation [48] were employed to

evaluate the performance of iPiDi-PUL for predicting potential

piRNA-disease associations. For five-fold cross-validation, the

associations in S (cf. Eq. 1) are randomly divided into five folds

with approximately the same size. One fold is in turn defined

as the test set. The remaining four folds are used to train the

iPiDi-PUL. For the disease-specific cross-validation, in the ith

turn of a given disease d, the training set and the test set are

represented as:

{

S
test
i = ai

⋃

S
N
d , i ∈

{

1, 2, · · · ,
∣

∣S
P
d

∣

∣

}

S
train
i = ∁

S
P
d
ai
⋃

S
N
j , j = 1, 2, · · · ,T

(15)

where ai is the ith positive association related to disease d, and

S
N
d represents the negative set for disease d. ∁

S
P
d
ai is the positive

set, including all the positive associations related to disease d

except ai, while SN
j contains the negative associations for other

diseases.T is the number of base random forest classifiers.
∣

∣

∣S
N
j

∣

∣

∣ =
∣

∣

∣∁SP
d
ai

∣

∣

∣ in each base learning process. It should be noted that

the association adjacency matrix was updated according to the

training positive piRNA-disease associations during the cross-

validation processes, and then the Gaussian interaction profile

(GIP) kernel similarity matrices for piRNAs and diseases were

re-computed.

The area under the receiver operating characteristics curve

(AUC) [49] and receiver operating characteristic (ROC) [50] were

used to evaluate the prediction quality of iPiDi-PUL. To evaluate

the ability of iPiDi-PUL for identifying positive piRNA-disease

associations, all the test piRNA-disease pairs were ranked in

descending order according to their average scores. Rank index

[51–53] was used to measure the average rank of the positive

associations in all the test piRNA-disease pairs. Rank index is

defined as:

rank index =
1

∣

∣S
P
test

∣

∣

∑

a∈SP
test

ra
|Stest|

(16)

where
∣

∣

∣Stest

∣

∣

∣ is the number of all piRNA-disease pairs in the

test set Stest, and
∣

∣

∣S
P
test

∣

∣

∣ is the number of associations in the

positive test subset SP
test. ra is the rank position of positive piRNA-

disease association a in all the test piRNA-disease pairs. Lower

value of the rank index represents the better performance of

iPiDi-PUL.

Results and discussion

Principal component analysis (PCA) can improve the
predictive performance of iPiDi-PUL

For a target association between piRNA p and disease d, the

similarities of piRNA p with all the other piRNAs and the sim-

ilarities of disease d with other diseases are merged to describe

its initial features. However, only some main piRNAs and dis-

eases contribute to capture the main patterns of the associa-

tions. Therefore, the principal component analysis (PCA) [18] was

employed to extract the key features and reduce the dimension

of the resulting feature vectors. The influence of the number

of PCA components on the predictive performance of iPiDi-PUL
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Figure 3. The predictive results of iPiDi-PUL with different numbers of PCA components. (A) and (B) are the AUC scores and rank indexes obtained by the iPiDi-PUL

predictor based on PUL-RF with different numbers of PCA components via five-fold cross-validation on the same benchmark dataset S (cf. Eq. 1), respectively.

is shown in Figure 3, from which we can see the following: (i)

The PCA can obviously improve the predictive performance of

iPiDi-PUL in terms of AUC and rank index; (ii) iPiDi-PUL achieved

the best performance when the number of PCA components

(n_components) is equal to 200. These results indicate that

some original features are irrelevant and unbeneficial to predic-

tion, and the PCA can further improve the predictive results of

iPiDi-PUL by reducing the redundant information in the original

features.

The influence of different machine learning classifiers
on the predictive performance of iPiDi-PUL

In this section, we evaluated the influence of different machine

learning classifiers on the predictive performance of iPiDi-PUL

via five-fold cross-validation, including random forest (RF) [21],

support vector machine (SVM) [54], decision tree (DT) [55], pos-

itive unlabeled learning based on random forest (PUL-RF), posi-

tive unlabeled learning based on support vector machine (PUL-

SVM) and positive unlabeled learning based on decision tree

(PUL-DT).The Scikit-learn [56] package in Pythonwas used as the

implementation of random forest (RF), support vector machine

(SVM) and decision tree (DT).

Table 1 listed the predictive results of various methods, from

which we can see the following: (i) PUL-RF achieved the best

performance in terms of both AUC and rank index; (ii) PUL-RF,

PUL-DT and PUL-SVM outperformed the correspondingmachine

learning classifierswithout PUL (RF,DT and SVM), indicating that

the PUL can improve the predictive performance by considering

the negative samples as unlabeled samples. This approach is

able to efficiently remove the noise information, because there

are potential positive piRNA-disease associations in the negative

samples. Therefore, it is more natural to treat these samples as

unlabeled samples instead of negative samples.

Performance of iPiDi-PUL for predicting disease
specific associations

The predictors based on the six machine learning classifiers

above were further evaluated to identify the associated piRNAs

for nine important diseases via disease-specific cross-validation,

Table 1. The AUC scores and rank indexes obtained by iPiDi-PUL
based on different machine learning classifiers via five-fold cross-
validation on the same benchmark dataset S (cf. Eq. 1)

Method AUC Rank index

PUL-RFa 0.854 ±0.007 0.162 ± 0.007

RFb 0.790±0.030 0.223±0.034

PUL-SVMc 0.788±0.004 0.227±0.004

SVMd 0.784±0.007 0.231±0.007

PUL-DTe 0.721±0.048 0.320±0.073

DTf 0.542±0.043 0.589±0.054

aResults obtained via positive unlabeled learning based on RF with parameters

T=30, n_components =200, n_estimators = 80, max_features =0.2.
bResults obtained via RF with parameters n_components =200,

n_estimators = 80, max_features =0.2.
cResults obtained via positive unlabeled learning based on SVM with parame-

ters T=30, n_components =200, C=1.0, kernel = ‘rbf’, degree=3.
dResults obtained via SVM with parameters n_components =200, C=1.0, ker-

nel = ‘rbf’, degree=3.
eResults obtained via positive unlabeled learning based on DTwith parameters

T=30, n_components =200, criterion= ‘entropy’, max_features = 0.2.
fResults obtained via DT with parameters n_components =200,

criterion= ‘entropy’, max_features = 0.2.

including ‘breast cancer’, ‘head and neck squamous cell car-

cinoma’, ‘Alzheimer’s disease’, ‘gastric cancer’, ‘dysplastic liver

nodules and hepatocellular carcinoma’, ‘rheumatoid arthritis’,

‘male infertility’, ‘lung adenocarcinoma’ and ‘endometrial car-

cinogenesis’. The AUC scores and rank indexes of thesemethods

are listed in Tables 2 and 3, respectively. Their ROC curves are

shown in Figure 4.We can see that the iPiDi-PUL predictor based

on PUL-RF still can achieve the best performance for identifying

the associated piRNAs for these nine diseases with an average

AUC score of 0.883. The PUL-RF and PUL-DT outperformed RF

and DT by 2.1% and 19.6% in terms of AUC scores, respectively.

The influence of the number of base classifiers on the
performance of iPiDi-PUL

Because the piRNA-disease association identification is a new

research area, many associations haven’t been identified. As a

result, some negative associations selected from the unlabeled
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Table 2. The AUC scores obtained by iPiDi-PUL predictors based on different machine learning classifiers via disease-specific cross-validation
on the benchmark dataset S (cf. Eq. 1) for nine important diseases

Disease PUL-RFa RFb PUL-SVMc SVMd PUL-DTe DTf

Breast cancer 0.929 0.881 0.837 0.842 0.892 0.727

Head and neck squamous cell carcinoma 0.936 0.900 0.837 0.828 0.872 0.648

Alzheimer’s disease 0.800 0.795 0.853 0.853 0.779 0.817

Gastric cancer 0.871 0.857 0.649 0.655 0.800 0.641

Dysplastic liver nodules and hepatocellular carcinoma 0.809 0.796 0.784 0.786 0.759 0.603

Rheumatoid arthritis 0.780 0.733 0.736 0.729 0.617 0.436

Male infertility 0.887 0.868 0.842 0.839 0.712 0.426

Lung adenocarcinoma 0.967 0.962 0.951 0.950 0.857 0.500

Endometrial carcinogenesis 0.970 0.968 0.972 0.967 0.886 0.611

Average 0.883 0.862 0.829 0.828 0.797 0.601

aResults obtained via positive unlabeled learning based on RF with parameters T=10, n_components= 200, n_estimators = 80, max_features =0.2.
bResults obtained via RF with parameters n_components= 200, n_estimators = 80, max_features =0.2.
cResults obtained via positive unlabeled learning based on SVM with parameters T=10, n_components =200, C=1.0, kernel = ‘rbf’, degree=3.
dResults obtained via SVM with parameters n_components =200, C=1.0, kernel = ‘rbf’, degree=3.
eResults obtained via positive unlabeled learning based on DT with parameters T=10, n_components =200, criterion= ‘entropy’, max_features = 0.2.
fResults obtained via DT with parameters n_components =200, criterion= ‘entropy’, max_features =0.2.

Table 3. The rank indexes obtained by iPiDi-PUL predictors based on different machine learning classifiers via disease-specific cross-validation
on the benchmark dataset S (cf. Eq. 1) for nine important diseases

Disease PUL-RFa RFb PUL-SVMc SVMd PUL-DTe DTf

Breast cancer 0.075 0.121 0.164 0.159 0.110 0.270

Head and neck squamous cell carcinoma 0.066 0.100 0.161 0.169 0.128 0.343

Alzheimer’s disease 0.214 0.218 0.163 0.164 0.233 0.197

Gastric cancer 0.139 0.153 0.353 0.346 0.207 0.360

Dysplastic liver nodules and hepatocellular carcinoma 0.191 0.204 0.216 0.214 0.241 0.391

Rheumatoid arthritis 0.219 0.265 0.263 0.269 0.375 0.553

Male infertility 0.116 0.134 0.160 0.163 0.287 0.564

Lung adenocarcinoma 0.029 0.034 0.044 0.044 0.128 0.444

Endometrial carcinogenesis 0.028 0.030 0.027 0.030 0.105 0.345

Average 0.120 0.140 0.172 0.173 0.202 0.385

aResults obtained via positive unlabeled learning based on RF with parameters T=10, n_components= 200, n_estimators = 80, max_features =0.2.
bResults obtained via RF with parameters n_components= 200, n_estimators = 80, max_features =0.2.
cResults obtained via positive unlabeled learning based on SVM with parameters T=10, n_components =200, C=1.0, kernel = ‘rbf’, degree=3.
dResults obtained via SVM with parameters n_components =200, C=1.0, kernel = ‘rbf’, degree=3.
eResults obtained via positive unlabeled learning based on DT with parameters T=10, n_components =200, criterion= ‘entropy’, max_features = 0.2.
fResults obtained via DT with parameters n_components =200, criterion= ‘entropy’, max_features =0.2.

data would be actually positive associations. Therefore, in this

study,we introduced the PUL-RF based on the ensemble of T ran-

dom forest classifiers trained with the same positive training set

but T different negative training sets to overcome the instability

of single random forest classifier caused by the low quality of the

negative training sets.

We investigated the influence of the number of base classi-

fiers T on the performance of the iPiDi-PUL predictors based on

PUL-RF, PUL-SVM and PUL-DT. The corresponding results were

shown in Figure 5, from this figure we can see that: (i) PUL-

RF outperformed both PUL-DT and PUL-SVM, indicating that RF

is more robust than the other two classifiers for this task; (ii)

with the increment of T, PUL-RF and PUL-SVM achieved the

stable performance, while the performance of PUL-DT improved

obviously; (iii) the ensemble learning approach can obviously

improve the performance of PUL-RF and PUL-DT, but its impact

on PUL-SVM is limited.

Case study for detecting the potential associated
piRNAs for new diseases

The iPiDi-PUL based on PUL-RF was applied to detect the poten-

tial associated piRNAs for four important diseases, including

‘head and neck squamous cell carcinoma’, ‘breast cancer’,

‘Alzheimer’s disease’ and ‘gastric cancer’. For each specific

disease, all the positive associations with the target disease in

S
P (cf. Eq. 1) were removed. The remaining positive associations

alongwith the negative association subsets were used to re-train

the iPiDi-PUL predictor based on PUL-RF to identify the missing-

associated piRNAs for the target disease. The top five identified

piRNAs with the highest average association scores, and the

corresponding verification results by biological literatures are

shown in Table 4, from which we can see that 15 identified

piRNA-disease associations of the 20 identified associations

can be verified by the biological experiments. For example, the

top five identified piRNAs (piR-hsa-23210, piR-hsa-23209, piR-

hsa-28395, piR-hsa-28394 and piR-hsa-5937) have significantly

differential expression in head and neck squamous cell cancer

tissues [57]. piR-hsa-1849 is downregulated in breast cancer

tissues and may be used as a potential biomarker for breast

cancer [58]. piR-hsa-1191 shows higher expression of 2-fold in

Alzheimer’s disease compared with normal human brain [59].

piR-has-1077 is up-regulated in gastric cancer tissues and cell

lines compared to normal tissues, and the piR-has-1077 inhibitor

can block gastric cancer cells at the G2/M phase [9]. Among the

identified piRNAs, piR-hsa-23210 and piR-hsa-23209 tend to be
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Figure 4. The comparison of iPiDi-PUL predictors based on different machine learning classifiers via disease-specific cross-validation on the same benchmark dataset

S (cf. Eq. 1). The ROC and AUC scores for the nine important diseases are obtained by six predictors, including PUL-RF, RF, PUL-SVM, SVM, PUL-DT and DT. Higher AUC

scores mean better predictive performance.

key therapeutic target piRNAs, because they are identified to be

associated with all the four diseases.

Web server and user guide

A publicly accessible web server of iPiDi-PUL was established for

the convenience of experimental scientists to explore potential

associated diseases for query piRNAs. The users only need to

input the sequences in FASTA format, and this web server will

automatically detect their associated diseases. A step-by-step

user guide is given in the following:

1. Visit the web server at http://bliulab.net/iPiDi-PUL/server,

and the users will see the homepage of the server. A brief

instruction of the server is available by clicking on the

Tutorial button.

2. Write/copy the sequences of query piRNAs into the input

box or upload file by clicking the Choose File button.

An example is available via clicking on the Example

button, as shown in Figure 6(A). The prediction prob-

ability threshold can be set to filter the false positive

associations.

3. The calculation process will be started after clicking on

the Submit button. Once the process job is finished,

the predictive results will be displayed on the screen

as shown in Figure 6(B). The corresponding predictive

results can be downloaded by clicking the download

buttons.
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Figure 5. The predictive results obtained by iPiDi-PUL predictors based on PUL-RF, PUL-SVM and PUL-DT with different numbers of base classifiers via five-fold

cross-validation on the same benchmark dataset S (cf. Eq. 1) in terms of AUC scores (A) and rank indexes (B).

Table 4. The top five associated piRNAs identified by iPiDi-PUL based on PUL-RF for four important diseases

Disease Rank Associated scorea PiRNA Evidenceb

Head and neck squamous cell carcinoma 1 0.775 piR-hsa-23210 28109471

2 0.775 piR-hsa-23209 28109471

3 0.748 piR-hsa-28395 28109471

4 0.740 piR-hsa-28394 28109471

5 0.695 piR-hsa-5937 28109471

Breast cancer 1 0.773 piR-hsa-1849 25313140

2 0.765 piR-hsa-23209 Unconfirmed

3 0.765 piR-hsa-1282 27414030

4 0.765 piR-hsa-27493 25313140

5 0.765 piR-hsa-23210 Unconfirmed

Alzheimer’s disease 1 0.768 piR-hsa-20266 Unconfirmed

2 0.745 piR-hsa-1191 28127595

3 0.745 piR-hsa-23209 28127595

4 0.743 piR-hsa-23210 28127595

5 0.735 piR-hsa-1849 28127595

Gastric cancer 1 0.788 piR-hsa-1077 21704610

2 0.720 piR-hsa-23209 Unconfirmed

3 0.718 piR-hsa-1849 Unconfirmed

4 0.705 piR-hsa-23210 25779424

5 0.700 piR-hsa-26441 25779424

aPredicted associated scores computed by iPiDi-PUL based on PUL-RF with parameter T=10, n_components =200, n_estimators = 80, max_features = 0.2.
bPredicted associations confirmed by the literature in PubMed. The PMID for each evidence literature is provided.

Conclusion

In this study, a computational predictor iPiDi-PUL has been

proposed to detect the piRNA-disease associations. Experi-

mental results showed that it is able to accurately detect the

associations. The following aspects contributed to the predictive

results of iPiDi-PUL: (i) various biological data were integrated

to comprehensively describe the features of piRNA-disease

associations, including the piRNA sequence information,disease

semantic terms and the known piRNA-disease association

network; (ii) the key association features were selected by

filtering out the redundant and noise information via PCA;

(iii) the PUL-RF treated the negative associations as unlabeled

samples, and different random forest classifiers were combined

as an ensemble learning approach to give the final predictive

results. Because there is no validated negative sample for

many tasks in bioinformatics, such as identification of circRNA-

disease association and protein-disease association, these

tasks would be the potential application areas of the proposed

framework.

Key Points

• Because Piwi-interacting RNAs (piRNAs) serve as

biomarkers for different diseases, it is of significance

to design effectively computational methods for pre-

dicting new piRNA-disease associations.
• The piRNA-disease association identification was

treated as a positive-unlabeled problem, where the

experimentally verified piRNA-disease associations

are positive samples, and the associations without
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Figure 6. (A) A semi-screenshot to show the homepage of the web server iPiDi-PUL based on PUL-RF and (B) the result page.

experimental validation are considered as unlabeled

samples.
• We proposed the computational predictor iPiDi-PUL

for piRNA-disease association identification, which

incorporated three different biological data sources

to extract the association features. Combined with

positive unlabeled learning based on random forest,

iPiDi-PUL achieved stable predictive performance.
• The web server of iPiDi-PUL was established to help

the users to detect the new piRNA-disease associ-

ations. We anticipate that iPiDi-PUL will become a

useful tool.
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