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Abstract

Background: Traditional drug development takes a good deal of time and effort,
computational drug repositioning enables to discover the underlying mechanisms
of drugs, thereby reducing the cost of drug discovery and development. However,
present methods merely consider structure-based drug-related network for feature
extraction of drugs and diseases in the biological network.

Results: In this paper, we develop a novel model, namely DRGDL, based on
geometric deep learning and negative sample selection to infer potential
drug-disease associations (DDAs), which can more comprehensively make use of
the biological features of drugs and diseases. Specifically, the lower-order and
higher-order representations of drugs and diseases are captured by two different
geometric deep learning strategies, and then negative samples are constructed by
a negative selection strategy. A machine learning classifier is applied to complete
the prediction task of DDAs by integrating two representations of drugs and
diseases. Experiment results demonstrate that DRGDL achieves excellent
performance under ten-fold cross-validation on the benchmark dataset.

Keywords: computational drug repositioning; geometric deep learning;
drug-disease associations

Background

Obtaining new a drug in course of drug development and discovery is long-drawn

and costly, which requires at least more than 10 years and more than two billion

dollars to procure it [1]. Unfortunately, only very few drugs end up on the market [2].

Therefore, how to rapidly increase the productivity of drug research is challenging

and meaningful. In recent years, drug repositioning (or drug repurposing) has been

successfully applied, due to it is not merely rapid but cost-cutting to find drugs

with treat diseases. Instead of a lengthy laboratory search, In silico prediction is

one of the most popular methods to identify new indications for approved drugs.

There are two main types of drug indication discovery, including activity-based

methods and computational-based methods [3]. Activity-based methods need a large

number of drug trial data to be screened which is a laboratory approach. Further-

more, the lack of clarity about the underlying function of drug molecules makes it

difficult to search for hidden mechanisms of drugs. Consequently, computation-based

methods are regard as effective ways to ensure the accuracy of drug repositioning,

which is due to the enormous amount of medical and biological data being collected

and the improvement of computer-related algorithms.
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Recently, computational drug drug-disease associations (DDAs) has been widely

employed to discover drug hiding mechanisms [4, 5, 6, 7], including matrix

factorization-based methods, machine learning-based methods and deep learning-

based methods. Matrix factorization-based methods can integrate prior information

about drugs and diseases and are not affected by negative sample selection. For ex-

ample, Zhang et al. [8] propose a novel recommended model for drug repositioning

which combines the neighborhood-based method (INBM) and the restricted Boltz-

mann machine-based method (RBMBM). Yang et al. [9] develop a multi-similarities

bilinear matrix factorization method, namely MSBMF, to predict novel DDAs,

which is the drug-disease association matrix is split into a drug-feature matrix and

a disease-feature matrix, respectively. Machine learning-based methods generally

treat the prediction of relationships between drugs and diseases as a binary classi-

fication task, assuming that the known associations are positive samples, and ran-

domly selecting a certain number with unknown relationships as negative samples.

Cao et al. [10] build a random forest-based (RF) model for drug-target interactions

prediction, which combines chemical, biological and network information. Wang et

al. [11] construct a support vector machine-based model through drug similarity and

disease similarity indicators, which collects molecular structure, molecular activity

and phenotypic data. Owing to the uniqueness of neural network, deep learning-

based methods can replace the traditional manual-based feature extraction. For

instance, Zeng et al. [12] propose a deep learning model, called deepDR, which uses

a multi-modal deep autoencoder to obtain lower-dimensional features, and then a

collective variational autoencoder is utilized to discover potential DDAs.

At present, the study of the relationship between drugs and diseases is mainly to

construct drug-related network and explore the biological characteristics of drugs

and diseases [24-33]. In graph theory, node features include network topology and

biological attribute [13, 14, 15, 16, 17]. In this regard, these features of drugs and

diseases should be learned to improve the accuracy of DDAs prediction. There-

fore, we should consider how to effectively use these biological graph data to

solve the DDAs prediction problem. Lately, geometric deep learning approaches

achieve better performance to predict underlying biological molecular interactions

[18, 19, 20, 21, 22, 23]. For example, microRNA-disease association prediction [24],

circRNA-disease association prediction [25], etc.

Inspired by the above methods, we propose a novel geometric deep learning-based

method, termed DRGDL, to predict unknown DDAs. To be specific, DRGDL first

construct the drug-drug similarity network and the disease-disease similarity net-

work in the base of biological knowledge, and then an autoencoder-based dimension

reduction method is employed to obtain the biological features. Secondly, different

geometric deep learning methods, i.e., graph attention network (GAT) and graph

embedding algorithm-node2vec, are introduced to learn the lower-order and higher-

order representations of drugs and diseases respectively from multi-perspective. Fi-

nally, a machine learning classifiers, i.e., Gradient Boosting Decision Tree (GBDT),

is applied to infer latent DDAs. In order to improve the accuracy of DRGDL, a

negative sample selection strategy is used as screening needed negative samples.

Experimental results demonstrate that DRGDL achieves high performance of the

prediction task of DDAs when compared with state-of-the-art methods, in which
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the average scores of AUC and AUPR are 0.9615 and 0.8802 under ten-fold cross-

validation on the benchmark dataset.

Materials and methods

Dataset

To evaluate the performance of DRGDL, we select the benchmark dataset from [26],

called C-dataset, in which the number of drug-disease interactions is 2532, and the

number of drugs and diseases is 663 and 409, respectively. Besides, the drug-drug

similarity network and disease-disease similarity network are calculated according

to the description of Luo et al. [27].

The framework of DRGDL

In this experiment, the DRGDL of interest is consisted of five stages, including (1)

calculating the biological features for drugs and diseases; (2) extracting the lower-

order representation; (3) extracting the higher-order representation of drugs and

diseases; (4) selecting negative sample; (5) predicting novel DDAs. The framework

overview of DRGDL is shown in Figure 1. Moreover, several definition are intro-

duced to better describe the function of DRGDL. Assume the associations between

drugs and diseases are represented by the matrix A ∈ R
m×n, where m and n denote

the number of drugs and diseases respectively, and the matrix S
dr ∈ R

m×m and

S
di ∈ R

n×n are defined as the drug-drug similarity network and disease-disease sim-

ilarity network. V dr and V di are taken to represent drugs and diseases respectively.

Calculating the biological features for drugs and diseases

Since the characteristics of drugs and diseases come from similarity between them,

which has a high dimension and redundancy features. Therefore, an autoencoder

[28] is used, which is an unsupervised algorithm and can better represent source

features, to reduce the characteristics of drugs and diseases to improve the accuracy

of the DRGDL algorithm. The autoencoder model is mainly divided into two stages,

encoding and decoding, respectively. Take drugs an example, the characteristics of

drugs first are compressed to the hidden layer, and then the features are restored

at the output layer. These steps are detailed as followers:

Ŝ
dr ≈ S

dr (1)

where Ŝ
dr ∈ R

m×m defines the reconstruction feature of drugs. Let us assume

that sdri ∈ S
dr represents the characteristics of arbitrary drugs, and the weight

matrix from the input layer to the hidden layer is Wie ∈ R
m×d1 , in which d1 is the

dimension of the biological features for drugs, the encoder as shown in Equation 2.

hdr
i

= σ(WT
ie
sdri + be) (2)

where hi ∈ R
d1×m represents the features after dimensional reduction of the drug

V dr
i

, and it serves as the input of the decoder. σ(·) is a activation function and be
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is a bias vector from the input layer to the hide layer. The process of the decoder

is defined as:

ŝdri = σ(WT
id
hdr

i
+ bd) (3)

where Wid and bd denote the weight matrix and a bias vector from the hidden

layer to the output layer respectively. After all, the biological feature of drugs is

obtained by the matrix H
dr = {hdr

i
} ∈ R

m×d1 . Similarly, we also obtain the matrix

H
di ∈ R

n×d1 as the biological feature of diseases, and H = [Hdr,Hdi] ∈ R
(m+n)×d1

combines the biological features of drugs and diseases.

Extracting lower-order representation for DDAs

Regarding the lower-order representation extraction, which aims to improve the

biological feature expression by aggregating the information of neighbor nodes of

target node. In particular, a geometric deep learning algorithm, i.e., graph attention

network (GAT) [29], is employed to extract the lower-order representation of drugs

and diseases, which can learn representation of nodes by considering the degree

of its neighbors. Since geometric deep learning combines network topology of the

target node and its neighbor features, the input biological features of the GAT as

follows:

H = {h1, h2, ..., hi, ..., hn+m}, hi ∈ R
d1 (4)

and the lower-order representation is represented as:

H = {h1, h2, ..., hi, ..., hn+m}, hi ∈ R
d2 (5)

where d2 is the dimension of lower-order representation of drugs and diseases. To

extract the impressive representation, a linear transformation matrix Wa ∈ R
d2×d1

is used to optimize the biological features H, as follows:

hi = Wahi (6)

For an arbitrary drug node i, the importance of neighbor disease node j to the

node i is calculated by an Attention mechanism Attention(·), which is a single-layer

feedforward neural network, as follows:

aij = Attention(Wahi,Wahj) (7)

To increase the nonlinearity of the neural network, a activation function is de-

signed i.e., LeakyReLU, to change Equation 7 by:

aij = LeakyReLU(AttentionT [Wahi||Wahj ]) (8)

To better distribute the weight of each drug-disease pair, we should uniformly

normalize the correlations calculated for all neighbors of the drug node i, the specific
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form is as follows:

αij = softmaxj(aij) =
exp(aij)∑

k∈Ni

exp(aik)
(9)

where Ni is a set of the neighbor nodes for the drug node i. α is a weight coefficient

for the disease node j and the drug node i. softmax(·) can ensure the weight

coefficient of all neighbor nodes add up to 1, whole the calculation formula of weight

coefficient is presented by:

αij =
exp(LeakyReLU(AttentionT [Wahi||Wahj ]))∑

k∈Ni

exp(LeakyReLU(AttentionT [Wahi||Wahj ]))
(10)

where || denotes a concatenate operation and AttentionT is its transposition. There-

fore, the lower-order representation of the drug node i is represented as:

hi = σ


∑

j∈Ni

αijWahj


 (11)

To sum up, the lower-order representation of all drugs and disease is obtained,

and a representation matrix L = H ∈ R
(m+n)×d2 is used to present it.

Extracting higher-order representation for DDAs

To more consider the latent biological information of drugs and diseases networks,

a promising geometric deep learning, i.e. node2vec [30], is added to capture the

higher-order representation of drugs and diseases. Unlike graph neural networks, the

node2vec only fuses on the network structure information for DDAs, and can offset

the imperfection of lower-order representation from global network perspective. The

node2vec mainly contains two aspect, one is a flexible neighborhood sampling strat-

egy, the other is the extended skip-gram architecture model. In particular, given the

current node vi ∈ V dr, the probability that the next nodes vj ∈ V di is accessed by:

P (vj |vi) =

{
πvi,vj

Z
if < vi, vj >∈ A

0 otherwise
(12)

where πvi,vj is the unnormalized transition probability between nodes vi and vj ,

and Z is the normalizing constant. To accommodate the heterogenous network for

drugs and diseases, the unnormalized transition probability is defined by:

πvi,vj = αpq(vt, vj) (13)

αpq(vt, vj) =





1
p

if dvtvj = 0

1 if dvtvj
= 1

1
q

if dvtvj
= 2

(14)

where vt represents the previous node visited by the node vi. p and q are two

hyperparameters, and parameter p leads the likelihood of returning a visited node in
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the walk, and parameter q permits to differentiate between “inward” and “outward”

nodes during searching process. dvtvj
indicates the shortest path distance among

node vt and node vj .

Therefore, access the node vi and get a random path by Equation 12. Subse-

quently, the higher-order representation of node vi is given by:

max
fi

∑
logP (N(vi)|fi(vi)) (15)

where N(vi) denotes a set of the neighbor disease nodes of the drug node vi, and

fi ∈ R
d3 is used to present the higher-order representation of the node vi. Moreover,

for the sake of calculation, Equation 15 is optimizing by :

max
fi

∑
logP (N(vi)|fi(vi))

=
∑

log Πni∈N(vi)P (ni|fi(vi))

=
∑ ∑

ni∈N(vi)

logP (ni|fi(vi))

=
∑ ∑

ni∈N(vi)

log
exp(fi(ni) · fi(vi))∑
exp(fi(vj) · fi(vi))

= max
fi

∑
− logZvi

+
∑

ni∈N(vi)

fi(ni) · fi(vi) (16)

where Zvi
=

∑
exp(fi(ni) · fi(vi)). At last, we have a feature matrix F = {fi} ∈

R
(m+n)×d3 to denote the higher-order representation of drugs and disease.

Selecting negative samples

For a binary classification task, positive and negative samples are included to train

and test, in which positive sample denotes known the relationships between drugs

and diseases and negative samples denotes unknown associations among drugs and

diseases. However, the number of positive and negative samples is unbalance for our

dataset, among which the number of negative samples is 663×409−2532 = 268, 635.

In fact, these unknown samples are regarded as negative samples may be funda-

mentally flawed, which cannot find real negative samples, and further to affect the

prediction ability of the model. To overcome this flaw, the negative samples of

DRGDL are obtained by unsupervised clustering algorithm (k-means) [31]. Specifi-

cally, all known and unknown associations between drugs and disease are clustered

on the based of Sdr and S
di, and then pairs with the same number of relationships

as positive samples are randomly selected as negative samples from clusters with

many unknown associations.

Results and Discussion

Evaluation Metrics

In this experiment, we use the area under the receiver operating characteristic curve

(AUC) and the area under the precision recall curve (AUPR) to evaluate the per-

formance of DRGDL. Moreover, several machine learning evaluation indicators are

mentioned, including Accuracy, Recall, Precision, Matthews correlation coefficient
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(MCC) and F1-Score, to evaluate the performance of DRGDL. These evaluation

indicators are defined as:

Accuracy =
TN + TP

TN + TP + FN + FP
(17)

Recall =
TP

TP + FN
(18)

Precision =
TP

TP + FN
(19)

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(20)

F1− Score =
2TP

2TP + FP + FN
(21)

where TP and TN represent the number of true positives and true negatives for

DDAs that are predicted respectively, and FP and FN represent the number of false

positives and false negatives for DDAs that were predicted, respectively.

Performance Evaluation of DRGDL

To evaluate the performance of DRGDL more accurately, a 10-fold cross-validation

(CV) is applied to make its results fairer. In particular, we first performs a 10-

fold CV by dividing known DDAs into ten subsets, and then, nine subsets are

selected as training sets, and the remaining the subset as a test set. Experiment

results of DRGDL are shown in Table 1. DRGDL achieves average prediction Acc.,

Sen., Prec., MCC and F1-score of 89.84%, 83.74%, 95.40%, 80.31%, and 89.18%,

respectively. The AUC of binary classification evaluation indicator on ten-fold CV

experiment are 96.20%, 96.63%, 95.12%, 97.28%, 96.28%, 97.17%, 95.28%, 96.07%,

96.13%, and 95.29%, while its standard deviation is only 0.63%. Therefore, DRGDL

yields excellent performance under 10-fold CV on C-dataset.

Comparison different machine learning classifiers

Different machine learning classifiers perform differently in different feature spaces.

Choosing an appropriate classifier is an important step to improve the prediction

ability of the model. In this paper, we compare the differences of various machine

learning algorithms, including Logistic Regression (LR), Support Vector Machine

(SVM), K-nearest neighbor (KNN), Random Forest (RF) and Gradient Boosting

Decision Tree (GBDT). In order to better reflect the advantages of generating fea-

tures of previous training and negative sample selection, the parameters of all clas-

sifiers are set as default. Detailed results of ten-fold CV based on different classifiers

are shown in Table 2. Compared with linear classifiers, boosting classifiers have bet-

ter performance to complete the prediction task of DDAs, in which RF and GBDT

classifiers attain better AUC scores, i.e., 94.75% and 96.15%.

Comparison with other advanced methods

To reflect the advantages of DRGDL, we compare it with other advanced models,

i.e., MSBMF [9], BNNR [32], DRRS [27], MBiRW [26], DrugNet [33], HGBI [11].

Figure 2 shows the AUC values of compared with other methods, where the AUC

value of DRGDL is better than other methods, which is 0.55%, 1.35%, 1.45%, 2.85%,
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5.85%, and 10.35% higher than MSBMF , BNNR, DRRS, MBiRW, DrugNet, and

HGBI, respectively. This experiment fully indicates that DRGDL achieves the best

performance to discover more hidden relationships between drugs and diseases.

Case studies

Regarding the practice capability of DRGDL in the course of discovering new DDAs,

we perform additional experiments on the C-dataset. In particular, all known DDAs

is used to construct a training set, and then DRGDL is employed after training is

completed to discover potential association between drugs and diseases. The top-10

experimental results are presented in Table 3, in which four kinds of the relation-

ships between drugs and diseases are proved by related literature. Although several

associations are not found from literature, we believe these associations will be

confirmed in the near feature.

Conclusion

Computational drug repositioning can effectively provide a guidance for the re-

search and development of new drugs. In this paper, a novel model called DRGDL

for DDAs. DRGDL introduce two different geometric deep learning strategies to

capture the lower-order and higher-order representations of drugs and diseases re-

spectively, which can more comprehensively take into account features of drugs

and diseases in biological network. Moreover, negative samples are selected by the

k-means algorithm to further improve the prediction performance of DRGDL. Ex-

periments results indicate that DRGDL has advantages to carry out the prediction

task of DDAs. Case studies further demonstrate the effectiveness of our feature ex-

traction and sample selection strategies. In the future, we will construct a richer

drug-disease interactions network to improve the predictive ability of the model

[34].

Acknowledgements

The authors would like to thank all anonymous reviewers for their constructive advice.

Funding

This work was supported in part by the Natural Science Foundation of Xinjiang Uygur Autonomous Region, under

grant 2021D01D05, in part by the Pioneer Hundred Talents Program of Chinese Academy of Sciences, in part by

the National Natural Science Foundation of China, under Grants (62172355,61902342), in part by Awardee of the

NSFC Excellent Young Scholars Program, under Grant 61722212, and in part by the Tianshan youth - Excellent

Youth, under Grant 2019Q029.

Abbreviations

DDAs: drug-disease associations; AUC: the area under the receiver operating characteristic curve; AUPR: the area

under the precision recall curve;

Availability of data and materials

The datasets used and/or analysed during the current study available from the corresponding author on reasonable

request.

Declarations

Ethics approval and consent to participate

Not applicable.

Competing interests

The authors declare that they have no competing interests.

Consent for publication

Not applicable.



Zhao et al. Page 9 of 11

Authors’ contributions

B.-W.Z., and L.H. contributed to conception, design of the study and performed the statistical analysis. P.-W.H.

and X.-R.S. organized the database. D.-X.L, Y.-Z.H. and Y.Y. wrote the first draft of the manuscript. All authors

have read and agreed to the published version of the manuscript.

Author details
1The Xinjiang Technical Institute of Physics and Chemistry, Chinese Academy of Sciences, Urumqi, China.
2University of Chinese Academy of Sciences, Beijing, China. 3Xinjiang Laboratory of Minority Speech and Language

Information Processing, Urumqi, China. 4School of Computer Science and Technology, Wuhan University of

Technology, Wuhan, China.

References

1. Jarada, T.N., Rokne, J.G., Alhajj, R.: A review of computational drug repositioning: strategies, approaches,

opportunities, challenges, and directions. Journal of cheminformatics 12(1), 1–23 (2020)

2. Zhao, B.-W., You, Z.-H., Hu, L., Wong, L., Ji, B.-Y., Zhang, P.: A multi-graph deep learning model for

predicting drug-disease associations. In: International Conference on Intelligent Computing, pp. 580–590

(2021). Springer

3. Luo, H., Li, M., Yang, M., Wu, F.-X., Li, Y., Wang, J.: Biomedical data and computational models for drug

repositioning: a comprehensive review. Briefings in bioinformatics 22(2), 1604–1619 (2021)

4. Chen, Z.-H., You, Z.-H., Li, L.-P., Wang, Y.-B., Qiu, Y., Hu, P.-W.: Identification of self-interacting proteins by

integrating random projection classifier and finite impulse response filter. Bmc Genomics 20(13), 1–10 (2019)

5. Zhao, B.-W., You, Z.-H., Wong, L., Zhang, P., Li, H.-Y., Wang, L.: Mgrl: predicting drug-disease associations

based on multi-graph representation learning. Frontiers in Genetics 12, 491 (2021)

6. Hu, P., Huang, Y.-a., Mei, J., Leung, H., Chen, Z.-h., Kuang, Z.-m., You, Z.-h., Hu, L.: Learning from low-rank

multimodal representations for predicting disease-drug associations. BMC medical informatics and decision

making 21(1), 1–13 (2021)

7. Zhao, B.W., You, Z.H., Hu, L., Guo, Z.H., Wang, L., Chen, Z.H., Wong, L.: A novel method to predict

drug-target interactions based on large-scale graph representation learning. Cancers 13(9), 1–12 (2021).

doi:10.3390/cancers13092111

8. Zhang, W., Zou, H., Luo, L., Liu, Q., Wu, W., Xiao, W.: Predicting potential side effects of drugs by

recommender methods and ensemble learning. Neurocomputing 173, 979–987 (2016)

9. Yang, M., Wu, G., Zhao, Q., Li, Y., Wang, J.: Computational drug repositioning based on multi-similarities

bilinear matrix factorization. Briefings in Bioinformatics 22(4), 267 (2021)

10. Cao, D.-S., Zhang, L.-X., Tan, G.-S., Xiang, Z., Zeng, W.-B., Xu, Q.-S., Chen, A.F.: Computational prediction

of drug-target interactions using chemical, biological, and network features. Molecular informatics 33(10),

669–681 (2014)

11. Wang, W., Yang, S., Li, J.: Drug target predictions based on heterogeneous graph inference. In: Biocomputing

2013, pp. 53–64. World Scientific, ??? (2013)

12. Zeng, X., Zhu, S., Liu, X., Zhou, Y., Nussinov, R., Cheng, F.: deepdr: a network-based deep learning approach

to in silico drug repositioning. Bioinformatics 35(24), 5191–5198 (2019)

13. Hu, L., Yang, S., Luo, X., Zhou, M.: An algorithm of inductively identifying clusters from attributed graphs.

IEEE Transactions on Big Data (2020)

14. Hu, L., Pan, X., Yan, H., Hu, P., He, T.: Exploiting higher-order patterns for community detection in attributed

graphs. Integrated Computer-Aided Engineering 28(2), 207–218 (2021)

15. Hu, L., Chan, K.C., Yuan, X., Xiong, S.: A variational bayesian framework for cluster analysis in a complex

network. IEEE Transactions on Knowledge and Data Engineering 32(11), 2115–2128 (2019)

16. Zhao, B.-W., Hu, L., You, Z.-H., Wang, L., Su, X.-R.: Hingrl: predicting drug–disease associations with graph

representation learning on heterogeneous information networks. Briefings in Bioinformatics 23(1), 515 (2022)

17. Hu, L., Zhang, J., Pan, X., Yan, H., You, Z.-H.: Hiscf: leveraging higher-order structures for clustering analysis

in biological networks. Bioinformatics 37(4), 542–550 (2021)

18. Sun, M., Zhao, S., Gilvary, C., Elemento, O., Zhou, J., Wang, F.: Graph convolutional networks for

computational drug development and discovery. Briefings in bioinformatics 21(3), 919–935 (2020)

19. Yi, H.-C., You, Z.-H., Huang, D.-S., Guo, Z.-H., Chan, K.C., Li, Y.: Learning representations to predict

intermolecular interactions on large-scale heterogeneous molecular association network. Iscience 23(7), 101261

(2020)

20. Guo, Z.-H., You, Z.-H., Wang, Y.-B., Huang, D.-S., Yi, H.-C., Chen, Z.-H.: Bioentity2vec: Attribute-and

behavior-driven representation for predicting multi-type relationships between bioentities. GigaScience 9(6), 032

(2020)

21. Su, X., You, Z., Wang, L., Hu, L., Wong, L., Ji, B., Zhao, B.: SANE: A sequence combined attentive network

embedding model for COVID-19 drug repositioning. Applied Soft Computing 111, 107831 (2021).

doi:10.1016/j.asoc.2021.107831

22. Wang, L., You, Z.-H., Huang, D.-S., Li, J.-Q.: Mgrcda: metagraph recommendation method for predicting

circrna-disease association. IEEE Transactions on Cybernetics (2021)

23. Su, X., You, Z.-H., Huang, D.-s., Wang, L., Wong, L., Ji, B., Zhao, B.: Biomedical knowledge graph

embedding with capsule network for multi-label drug-drug interaction prediction. IEEE Transactions on

Knowledge and Data Engineering (2022)

24. MDA-GCNFTG: identifying miRNA-disease associations based on graph convolutional networks via graph

sampling through the feature and topology graph. Briefings in Bioinformatics 00(April), 1–19 (2021).

doi:10.1093/bib/bbab165

25. Wang, L., You, Z.-H., Li, Y.-M., Zheng, K., Huang, Y.-A.: Gcncda: a new method for predicting circrna-disease

associations based on graph convolutional network algorithm. PLOS Computational Biology 16(5), 1007568

(2020)



Zhao et al. Page 10 of 11

26. Luo, H., Wang, J., Li, M., Luo, J., Peng, X., Wu, F.-X., Pan, Y.: Drug repositioning based on comprehensive

similarity measures and bi-random walk algorithm. Bioinformatics 32(17), 2664–2671 (2016)

27. Luo, H., Li, M., Wang, S., Liu, Q., Li, Y., Wang, J.: Computational drug repositioning using low-rank matrix

approximation and randomized algorithms. Bioinformatics 34(11), 1904–1912 (2018)

28. Wang, Y., Yao, H., Zhao, S.: Auto-encoder based dimensionality reduction. Neurocomputing 184, 232–242

(2016)

29. Velickovic, P., Cucurull, G., Casanova, A., Romero, A., Lio, P., Bengio, Y.: Graph attention networks. stat

1050, 20 (2017)

30. Grover, A., Leskovec, J.: node2vec: Scalable feature learning for networks. In: Proceedings of the 22nd ACM

SIGKDD International Conference on Knowledge Discovery and Data Mining, pp. 855–864 (2016)

31. Zhang, Y., Qiao, S., Lu, R., Han, N., Liu, D., Zhou, J.: How to balance the bioinformatics data:

pseudo-negative sampling. BMC bioinformatics 20(25), 1–13 (2019)

32. Yang, M., Luo, H., Li, Y., Wang, J.: Drug repositioning based on bounded nuclear norm regularization.

Bioinformatics 35(14), 455–463 (2019)

33. Martinez, V., Navarro, C., Cano, C., Fajardo, W., Blanco, A.: Drugnet: network-based drug–disease

prioritization by integrating heterogeneous data. Artificial intelligence in medicine 63(1), 41–49 (2015)

34. Hu, L., Chan, K.C.: Fuzzy clustering in a complex network based on content relevance and link structures. IEEE

Transactions on Fuzzy Systems 24(2), 456–470 (2015)

35. Hogue, L., Cardwell, L.A., Roach, C., Felix, K.H., Oussedik, E., Richardson, I., Feldman, S.R.: Psoriasis and

atopic dermatitis “resistant” to topical treatment responds rapidly to topical desoximetasone spray. Journal of

Cutaneous Medicine and Surgery 23(2), 157–163 (2019)

36. Toquet, S., Nguyen, Y., Sabbagh, A., Djerada, Z., Boulagnon, C., Bani-Sadr, F.: Severe apoptotic enteropathy

caused by methotrexate treatment for rheumatoid arthritis. Joint Bone Spine 83(2), 217–219 (2016)

Figures

figs/Figure 1.jpg

Figure 1 The overall framework of the proposed DRGDL model.
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Figure 2 The AUC value of DRGDL is compared with other advanced methods on C-dataset.

Tables

Table 1 Experimental results of DRGDL under 10-fold CV on C-dataset.

Fold Accuracy (%) MCC(%) AUPR(%) AUC(%)
F1-score

Precision(%) Recall(%) F1-score(%)
0 90.35 81.24 88.56 96.20 95.56 84.65 89.77
1 90.16 81.33 89.22 96.63 97.66 82.28 89.32
2 88.58 77.79 86.32 95.12 94.14 82.28 87.82
3 90.35 81.04 88.08 97.28 94.37 85.83 89.90
4 89.37 79.84 88.26 96.28 97.17 81.10 88.41
5 91.34 83.11 89.71 97.17 96.05 86.22 90.87
6 89.17 78.84 86.91 95.28 94.22 83.46 88.52
7 89.37 79.30 87.26 96.07 94.64 83.46 88.70
8 90.98 81.40 88.89 96.13 96.38 83.86 89.68
9 90.98 79.16 86.95 95.29 93.86 84.25 88.80

Avg. 89.84± 0.80 80.31± 1.58 88.02± 1.12 96.15± 0.75 95.40± 1.36 83.74± 1.60 89.18± 0.90

Table 2 Experimental results of DRGDL under 10-fold CV on C-dataset.

Classifier Accuracy (%) MCC(%) AUPR(%) AUC(%)
F1-score

Precision(%) Recall(%) F1-score(%)
LR 80.35±1.12 61.42±2.19 75.23±1.17 89.68±0.79 82.29±1.34 78.15±2.61 80.14±1.36
SVM 82.25±1.60 64.63±1.91 76.20±1.69 90.06±1.12 81.23±2.82 83.98±3.78 82.52±3.20
KNN 87.30±0.71 75.00±1.35 84.03±0.98 92.47±0.95 91.22±1.82 82.64±2.55 86.67±0.91
RF 88.42±1.38 77.97±2.56 86.95±1.65 94.75±1.00 96.14±1.30 80.08±2.46 87.36±1.64

GBDT 89.84±0.80 80.31±1.58 88.02±1.02 96.15±0.75 95.40±1.36 83.74±1.60 89.18±0.90
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Table 3 Top 10 prediction results of DRGDL on C-dataset.

Rank Drug Name Disease Name Prediction Score Evidence
1 DB00421 D600082 0.9960 N.A.
2 DB00501 D601682 0.9957 N.A.
3 DB00501 D137750 0.9951 N.A.
4 DB00547 D607154 0.9947 N.A.
5 DB00547 D605805 0.9946 [35]
6 DB00482 D600351 0.9946 N.A.
7 DB00547 D603165 0.9945 [35]
8 DB00563 D600351 0.9942 [36]
9 DB00532 D191390 0.9942 N.A.
10 DB00547 D605804 0.9940 [35]
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Figure 1

The overall framework of the proposed DRGDL model.

Figure 2

The AUC value of DRGDL is compared with other advanced methods on C-dataset. 


