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Introduction 

Long non-coding RNAs (lncRNAs) are a kind of non-coding RNA with length of more than 200 nucleotides. 

Studies have shown that lncRNAs play an important role in many life activities, such as dosage 

compensation effect, epigenetic regulation, cell cycle regulation, cell differentiation regulation and so on[1-

3]. In recent years, many studies have proved that lncRNAs are closely related to a variety of human diseases, 

including hepatocellular carcinoma (HCC)[4]，renal cancer[5]，adenocarcinoma[6]，breast cancer[7], 

Alzheimer[8], cardiovascular diseases[9], leukemia[10], diabetes[11] and AIDS[12]. So far, only a small 

number of lncRNA-disease associations has been clinically or experimentally confirmed. Therefore, it 

becomes very meaningful to use the known lncRNA-disease association to infer the potential lncRNA-

disease association. It will be ideal to predict potential lncRNA-disease associations using computational 

methods. In addition, compared with the traditional experimental methods, the calculation methods save 

more time and cost, and provide a direction for biological experiments. 

At present, there are many computational methods for predicting potential lncRNA-disease associations, 

which can be divided into the following three categories. The first type is the computing methods based on 

complex networks. Xiao et al. proposed a calculation method for predicting lncRNA-disease association 

based on paths of fixed lengths in heterogeneous lncRNA-disease association network [13]. Chen et al. 

proposed an improved Random Walk with Restart (RWR) model to overcome the limitations of the 

traditional RWR model, which changes the initial probability vector of RWR [14]. Liu et al. proposed a 

network-based model, which uses the known lncRNA-disease association relationship and the topological 

similarity of lncRNA-disease association network, and used the label propagation algorithm to predict the 

related lncRNA of the investigated disease based on the unequal allocation and unbiased consistent resource 

allocation strategy [15]. Combining global network, Yu et al. proposed a new method based on Naïve 

Bayesian classifier to predict the potential lncRNA-disease association [16]. Based on Naïve Bayesian 

classifier and lncRNA-miRNA-disease tripartite network, Yu et al. proposed a collaborative filtering model 

to predict the potential lncRNA-disease association [17]. 

The second type of method is the calculation method based on matrix completion, which uses the known 

data to update lncRNA-diseases association matrix. Since Lu et al. proposed a method based on inductive 

matrix completion to predict potential lncRNA-disease association [18], many researchers have proposed a 

series of computational models based on matrix completion algorithm. Later, Lu et al. showed a method 

based on geometric matrix completion, which uses the intrinsic structure embedded in the association matrix 

[19]. Fu et al. proposed a lncRNA-disease association prediction model based on matrix factorization [20]. 

Xie et al. proposed a similarity kernel fusion (SKF) method to predict lncRNA-disease association, using 

iterative similarity matrix instead of simple weighting algorithm [21]. Liu et al. proposed to infer unknown 

lncRNA-disease association based on dual sparse collaborative matrix factorization and various biological 

similarity data  [22]. Gao et al. proposed a multi label fusion collaborative matrix decomposition method 

to predict lncRNA-disease association. Through multi label optimization of lncRNA space and disease space, 

they enhanced the internal relationship between lncRNA and disease and mined potential information[23]. 

Zhang et al. proposed a method based on integrated space projection scores lncRNA-disease association 

inference [24]. Zeng et al. proposed a hybrid computing framework for lncRNA-disease association 

prediction, which used singular value decomposition and deep learning to extract the linear and non-linear 

features of lncRNA and disease respectively[25].  

The third kind of method is the calculation method based on machine learning. With the development of 

machine learning, researchers have realized the practicability of machine learning. It has two main directions 

in predicting lncRNA-disease association to use machine learning. Based on lncRNA similarity and disease 
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similarity, Lan et al. proposed using bagging SVM classifier to predict potential lncRNA-disease association 

[26]. Guo et al. proposed to use autoencoder neural network to reduce the dimension of features, obtain the 

optimal feature subspace from the original feature set, and then use rotating forest to predict lncRNA-disease 

association [27]. Chen et al. proposed the model of Laplacian Regularized Least Squares in the 

semisupervised learning framework[28]. Shi et al. proposed an end-to-end model, which integrates 

variational inference and graph autoencoders for lncRNA-disease association prediction [29].  

In conclusion, the number of proved disease-related lncRNAs is still very small. How to use a small amount 

of data to infer new disease-related lncRNAs through computational models has always been a hot research 

topic. In this paper, we proposed a new computational method called Graphlet Interaction for LncRNA-

Disease Association prediction (GILDA) to predict potential lncRNA-disease associations. We integrated 

disease semantic similarity, lncRNA function similarity and gaussian interaction profile kernel similarity, 

and establish lncRNA similarity graph and disease similarity graph. In the similarity graph, we represent all 

lncRNAs and diseases as nodes respectively, calculate the number of graphlet interaction isomers in the two 

similarity graphs respectively, and used the number to train the model, then calculated the lncRNA-disease 

associate score in lncRNA graph and disease graph respectively, and finally average the associate score in 

the two similarity graphs. The final lncRNA-disease associate score was obtained. We used leave-one-out 

cross-validation (LOOCV) and fivefold cross-validation to estimate the performance of the model. The 

AUCs of global and local LOOCV are 0.8844 and 0.8468, respectively. The average AUC of fivefold cross-

validation reaches to 0.8742 ± 0.0154. Furthermore, in case studies, 10, 10, and 8 out of the top 10 predicted 

lncRNAs for three diseases (hepatecellular carcinoma, renal cancer and adenocarcinoma) are successfully 

confirmed by lncRNADisease database and recent researches. 

Materials and Methods 

Human lncRNA-disease associations 

In this paper, we used a dataset from the lncRNADisease database[30]. In this dataset, the total number of 

known lncRNA-disease associations is 605, involving 82 lncRNAs and 157 diseases. Based on this dataset, 

we constructed an adjacency matrix A(m,n) to express the relationship between lncRNA and disease. 

Variables m and n represent the total numbers of diseases and lncRNAs in the dataset, respectively. If there 

is an association between disease d(i) and lncRNA l(j), A(i, j) is 1, otherwise 0. 

Disease semantic similarity model 

According to several computational models [31-35], we used Directed Acyclic Graph (DAG) to describe 

the disease. By mapping the disease name to the MeSH descriptor, the DAGs of two diseases were 

constructed to calculate the semantic similarity between them. For disease D, its DAG can be expressed as 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = {𝑇𝑇𝐷𝐷, 𝐸𝐸𝐷𝐷}, where 𝑇𝑇𝐷𝐷 is the set of ancestor nodes of D including itself, and 𝐸𝐸𝐷𝐷 is the set of all 

edges in the DAG. We defined the contribution of the disease d ∈ 𝑇𝑇𝐷𝐷 in 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 to the semantic value of 

disease D as follows: 𝐷𝐷𝐷𝐷𝐷𝐷(𝑑𝑑) = �                              1                                           𝑑𝑑 = 𝐷𝐷
max �(∆+ 𝑃𝑃𝑑𝑑) × 𝐷𝐷𝐷𝐷𝐷𝐷��́�𝑑�|�́�𝑑 ∈ 𝐶𝐶(𝑑𝑑)�       𝑑𝑑 ≠ 𝐷𝐷       (1) 

where 𝐶𝐶(𝑑𝑑) is the children of d, and 𝑃𝑃𝑑𝑑 is the IC contribution factor, which is defined as: 𝑃𝑃𝑑𝑑 =
𝑚𝑚𝑚𝑚𝑚𝑚�𝐷𝐷𝑚𝑚𝐷𝐷𝐷𝐷(𝑘𝑘)�−𝐷𝐷𝑚𝑚𝐷𝐷𝐷𝐷(𝑑𝑑)𝑁𝑁𝐷𝐷         𝑘𝑘 ∈ 𝐾𝐾              (2) 

where K is the set of all diseases in MeSH, ND is the number of diseases in MeSH, and 𝑃𝑃𝑑𝑑 changes with 

the continuous update of MeSH version. 

Therefore, the semantic value of disease D is defined as: 𝐷𝐷𝐷𝐷(𝐷𝐷) = ∑ 𝐷𝐷𝐷𝐷𝐷𝐷𝑑𝑑∈𝑇𝑇𝐷𝐷 (𝑑𝑑)                  (3) 
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Moreover, since two diseases in DAGs shared disease terms, the disease semantic similarity of the two 

diseases d(i) and d(j) is defined as: 𝐷𝐷𝐷𝐷𝐷𝐷(𝑖𝑖, 𝑗𝑗) =
∑ �𝐷𝐷𝐷𝐷𝑑𝑑(𝑖𝑖)(𝑑𝑑)+𝐷𝐷𝐷𝐷𝑑𝑑(𝑗𝑗)(𝑑𝑑)�𝑑𝑑∈𝑇𝑇𝑑𝑑(𝑖𝑖)∩𝑇𝑇𝑑𝑑(𝑗𝑗)𝐷𝐷𝐷𝐷�𝑑𝑑(𝑖𝑖)�+𝐷𝐷𝐷𝐷�𝑑𝑑(𝑗𝑗)�           (4) 

LncRNA functional similarity 

LncRNA functional similarity were calculated via referring to the method proposed by [33]. The obtained 

similarity data set was transformed into a square matrix LFV, where the LFV (i, j) represents the functional 

similarity value between lncRNA l (i) and l (j). 

Gaussian interaction profile kernel similarity 

Gaussian interaction profile kernel similarity refers to the calculation method of [36]. The Gaussian 

interaction profile kernel similarity matrix between diseases d(i) and d(j) is named GD(i,j), and the Gaussian 

interaction profile kernel similarity matrix between lncRNA l(i) and l (j) is named GL(i,j). 

Integrated similarity for lncRNAs and diseases 

The integrated similarity of disease is obtained by combining the disease of Gaussian interaction profile 

kernel similarity and the semantic similarity, which is defined as follows: 𝐼𝐼𝐷𝐷𝐷𝐷(𝑖𝑖, 𝑗𝑗) = �𝐷𝐷𝐷𝐷𝐷𝐷(𝑖𝑖, 𝑗𝑗)       𝑑𝑑(𝑖𝑖) 𝑎𝑎𝑎𝑎𝑑𝑑 𝑑𝑑(𝑗𝑗) ℎ𝑎𝑎𝑎𝑎 𝑎𝑎𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑖𝑖𝑠𝑠 𝑎𝑎𝑖𝑖𝑠𝑠𝑖𝑖𝑙𝑙𝑎𝑎𝑎𝑎𝑖𝑖𝑠𝑠𝑎𝑎𝐷𝐷𝐷𝐷(𝑖𝑖, 𝑗𝑗)                                   𝑜𝑜𝑠𝑠ℎ𝑠𝑠𝑎𝑎𝑒𝑒𝑖𝑖𝑎𝑎𝑠𝑠                             
  (5) 

Similarly, the integrated similarity of lncRNA is as follows: 𝐼𝐼𝐷𝐷𝐼𝐼(𝑖𝑖, 𝑗𝑗) = �𝐼𝐼𝐿𝐿𝐷𝐷(𝑖𝑖, 𝑗𝑗)       𝑙𝑙(𝑖𝑖) 𝑎𝑎𝑎𝑎𝑑𝑑 𝑙𝑙(𝑗𝑗) ℎ𝑎𝑎𝑎𝑎 𝑓𝑓𝑓𝑓𝑎𝑎𝑠𝑠𝑠𝑠𝑖𝑖𝑜𝑜𝑎𝑎𝑎𝑎𝑙𝑙 𝑎𝑎𝑖𝑖𝑠𝑠𝑖𝑖𝑙𝑙𝑎𝑎𝑎𝑎𝑖𝑖𝑠𝑠𝑎𝑎𝐷𝐷𝐷𝐷(𝑖𝑖, 𝑗𝑗)                                 𝑜𝑜𝑠𝑠ℎ𝑠𝑠𝑎𝑎𝑒𝑒𝑖𝑖𝑎𝑎𝑠𝑠                             
  (6) 

GILDA 

In this paper, we proposed to predict lncRNA-disease association based on graphlet interaction (Fig 3). 

Considering the amount of computation, we only use graphlets with no more than 4 nodes. They are divided 

into 9 graphlet types. According to the different positions of nodes in the graph, they can be called 

automorphism orbit [37]. Graphlet interaction describes the relationship between two nodes. According to 

the different automorphism orbit of the two nodes, there are different types of relationships between them, 

which are called graphlet interaction isomers [38]. For the graph of 4 nodes, there are 28 graphlet interaction 

isomers. 

In order to predict lncRNA-disease association by using graphlet interaction, we created graph GD and 

graph GL to represent diseases and lncRNAs, respectively. Each node of GD represents a disease, and each 

node of GL represents a lncRNA. In GD, if there is a similarity between two diseases, one edge is used to 

connect the two diseases, and GL is constructed similarly. Each edge has a different weight according to the 

similarity between diseases or lncRNAs.  

For GD, the number of graphlet interaction isomer 𝑙𝑙𝑘𝑘 of node i (green node) and node j (orange node) was 

defined as [38]: 𝑁𝑁𝑖𝑖𝑗𝑗(𝑙𝑙𝑘𝑘) = ∑ ∑ 𝑏𝑏𝑖𝑖𝑗𝑗𝑏𝑏𝑖𝑖𝑖𝑖𝑏𝑏𝑗𝑗𝑖𝑖𝑏𝑏𝑖𝑖𝑚𝑚𝑏𝑏𝑗𝑗𝑚𝑚𝑏𝑏𝑖𝑖𝑚𝑚𝑚𝑚∈𝐷𝐷(𝐺𝐺𝐷𝐷)𝑖𝑖∈𝐷𝐷(𝐺𝐺𝐷𝐷)           (7) 

where 𝐷𝐷(𝐷𝐷𝐷𝐷) is the node set of graph GD, l and m denote the other two nodes except node i and j, and 

variable b is defined as follows: 𝑏𝑏𝐷𝐷𝑠𝑠 = �   𝑎𝑎𝐷𝐷𝑠𝑠           𝑎𝑎 𝑎𝑎𝑎𝑎𝑑𝑑 𝑠𝑠 ℎ𝑎𝑎𝑎𝑎 𝑎𝑎 𝑙𝑙𝑖𝑖𝑎𝑎𝑘𝑘 𝑖𝑖𝑎𝑎 𝑙𝑙𝑘𝑘
1− 𝑎𝑎𝐷𝐷𝑠𝑠       𝑎𝑎 𝑎𝑎𝑎𝑎𝑑𝑑 𝑠𝑠 ℎ𝑎𝑎𝑎𝑎 𝑎𝑎𝑜𝑜 𝑙𝑙𝑖𝑖𝑎𝑎𝑘𝑘 𝑖𝑖𝑎𝑎 𝑙𝑙𝑘𝑘             (8) 

where 𝑎𝑎𝐷𝐷𝑠𝑠 is the weight of the edge between node s and t.  𝑎𝑎𝐷𝐷𝑠𝑠 equals to 0 if there is no edge between node 

s and t. The number of graphlet interaction isomer 𝑙𝑙𝑘𝑘 of node i and node j in GL can be obtained by the 

same computing method.  

To predict lncRNA-disease association using graphlet interaction, we need to calculate the association score 
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of lncRNA-disease pair. For graph GD, the association score of a lncRNA-disease pair �𝑑𝑑(𝑖𝑖), 𝑙𝑙(𝑗𝑗)�  is 

calculated as follows: 𝐷𝐷𝑑𝑑(𝑖𝑖, 𝑗𝑗) = ∑ 𝑣𝑣𝑘𝑘 ∑ 𝑎𝑎𝑜𝑜𝑎𝑎𝑠𝑠�𝑁𝑁ℎ𝑖𝑖(𝑙𝑙𝑘𝑘)�ℎ∈𝐻𝐻(𝑗𝑗)
28𝑘𝑘=1           (9) 

where 𝑣𝑣𝑘𝑘 is the weight of the kth isomer, 𝐻𝐻(𝑗𝑗) is a set of diseases that confirmed to be related to lncRNA 𝑙𝑙(𝑗𝑗), 𝑎𝑎𝑜𝑜𝑎𝑎𝑠𝑠�𝑁𝑁ℎ𝑖𝑖(𝑙𝑙𝑘𝑘)� is a normalized graphlet interaction, and can be calculated by: 𝑎𝑎𝑜𝑜𝑎𝑎𝑠𝑠�𝑁𝑁ℎ𝑖𝑖(𝑙𝑙𝑘𝑘)� =
𝑁𝑁ℎ𝑖𝑖(𝑖𝑖𝑘𝑘)∑ 𝑁𝑁ℎ𝑑𝑑(𝑖𝑖𝑘𝑘)𝑑𝑑∈𝐷𝐷                (10) 

where D is the set of all other diseases except h. For easy calculation, we can write equation (9) in matrix 

form: 𝐷𝐷𝑑𝑑 = 𝑋𝑋𝑑𝑑𝑇𝑇𝐷𝐷𝑑𝑑                        (11) 

where 𝑋𝑋𝑑𝑑 is calculated as follows: 𝑋𝑋𝑑𝑑(𝑘𝑘, 𝑗𝑗) = ∑ 𝑎𝑎𝑜𝑜𝑎𝑎𝑠𝑠�𝑁𝑁ℎ𝑖𝑖(𝑙𝑙𝑘𝑘)�ℎ∈𝐻𝐻(𝑗𝑗)              (12) 

The weight coefficients 𝐷𝐷𝑑𝑑 can be obtained by linear regression, as described in [38]. Using the known 

lncRNA-disease association to train GILDA, 𝑋𝑋𝑑𝑑 and 𝐷𝐷𝑑𝑑 can be obtained, and the weighting matrix 𝐷𝐷𝑑𝑑 is 

calculated as follows: 𝐷𝐷𝑑𝑑 = �𝑋𝑋𝑑𝑑𝑋𝑋𝑑𝑑𝑇𝑇�−1𝑋𝑋𝑑𝑑𝐷𝐷𝑑𝑑                   (13) 

Substitute the obtained 𝑋𝑋𝑑𝑑 and 𝐷𝐷𝑑𝑑 into the equation (11) to get 𝐷𝐷𝑑𝑑. In the same way as GD, 𝐷𝐷𝑖𝑖 is obtained 

for GL. 

Finally, the association score between disease 𝑑𝑑(𝑖𝑖) and lncRNA 𝑙𝑙(𝑗𝑗) was calculated as follows: 𝐷𝐷(𝑖𝑖, 𝑗𝑗) =
𝑆𝑆𝑑𝑑(𝑖𝑖,𝑗𝑗)+𝑆𝑆𝑙𝑙(𝑖𝑖,𝑗𝑗)2                     (14) 

Results and Discussion 

Performance evaluation 

We implemented LOOCV and fivefold cross-validation to evaluate the performance of GILDA. We plotted 

the receiver operating characteristic (ROC) curve of LOOCV and calculated the area under the ROC curve 

(AUC) to evaluate the reliability of GILDA. AUC = 1 indicates that the model correctly predicted all test 

samples, while AUC = 0.5 indicates that the model has random prediction. In order to evaluate the accuracy 

of GILDA, we compared the AUC of GILDA with that of SIMCLDA, HOMPCLDA and NCPHLDA. 

For LOOCV, we have implemented global LOOCV and local LOOCV. In the global LOOCV, we took all 

samples with unknown lncRNA-disease association as candidate samples. In the local LOOCV, we took the 

disease of the test sample as the boundary, and the candidate samples only include the samples with 

unknown association to the disease of the test sample. We calculated the scores of all test samples and 

candidate samples through GILDA. In the global LOOCV, we compared and sorted the scores of test sample 

and candidate samples. In the local LOOCV, we only compared and sorted the scores of the test sample and 

those candidate samples related to the diseases of the test sample. In the global LOOCV, the AUC of GILDA 

is 0.8844, and AUCs of SIMCLDA, HOMPCLDA, NCPHLDA are 0.8007, 0.8713 and 0.8458, in turn. The 

AUC of GILDA is greater than that of other models in Fig 1. In the local LOOCV, the AUC of GILDA 

model is 0.8468, and AUCs of SIMCLDA, HOMPCLDA, NCPHLDA are 0.7381, 0.5066 and 0.8274, in 

turn. The AUC of GILDA is greater than that of other models in the Fig 2. This shows that GILDA is more 

accurate in predicting unknown lncRNA-disease associations than SIMCLDA, HOMPCLDA and 

NCPHLDA. 

In the fivefold cross-validation, we randomly divided all known lncRNA-disease association samples into 

five groups of an average number, and there was no intersecting part in each group. We took these five 
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groups as test sample set in turn, and the other four groups as training samples. All unknown lncRNA-

disease associations were used as candidate samples. The scores of all test samples and candidate samples 

can be obtained through the trained model. The test samples were compared with all candidate samples in 

turn to get the rankings of all test samples. We got that the AUC of GILDA in fivefold cross-validation was 

0.8742 ± 0.0057. It proves that the effect of GILDA in fivefold cross-validation is excellent. 

Case Studies 

To evaluate the predictive effect of GILDA, we used the known lncRNA-disease associations to form a 

training data set. Using the trained model, we conducted case studies of hepatocellular carcinoma、renal 

cancer and adenocarcinoma. The top 10 lncRNAs in the predictive list of each disease were investigated 

using PubMed. 

The prediction results of hepatocellular carcinoma (HCC) are shown in Table 1, where the top 10 lncRNAs 

were all verified. HCC is one of the most common cancers in the world, causing about 1 million deaths 

every year[39]. HCC is a slow process, in which genomic changes gradually evolve into HCC. The 

malignant hepatocyte phenotype may be caused by the destruction of some genes that play a role in different 

regulatory pathways, resulting in a variety of molecular variants of HCC. Existing studies have proved that 

some lncRNAs are related to HCC[40]. Tan et al. found that rs2839698 and rs3024270 polymorphisms of 

H19 with HCC increased significantly, and at rs3024270 locus, the GG genotype and HCC association was 

higher than the CC genotype [41]. Malakar et al. demonstrated that MALAT1 is upregulation in HCC and 

acts as a proto-oncogene through Wnt pathway activation and induction of oncogenic splicing factor SRSF1 

[42]. Zhang et al. proved that meg3 regulates PTEN / Akt / MMP-2 / MMP-9 signal axis and participates 

the development of HCC by targeting mirna-10a-5p [43]. 

The prediction results of renal cell carcinoma (RCC) are shown in Table 2. All of he top 10 lncRNAs were 

verified. As one of the common cancers worldwide, RCC incidence rate has been increasing, but the survival 

rate has been greatly improved [44]. Now, many studies have proved that lncRNAs were related to the 

pathogenesis and prognosis of RCC [5]. In RCC cells, lncRNA-FILNC1 deletion can reduce energy stress-

induced apoptosis and significantly promote the development of RCC[5]. Compared with adjacent normal 

renal tissues, the relative level of H19 in clear cell renal carcinoma (ccRCC) was significantly increased 

[45]. The expression of H19 in renal cancer cells was higher than that in nonmalignant renal cells HK-2. 

Therefore, the expression of H19 can be used as an independent prognostic marker for patients with ccRCC. 

Gong et al. proved that the expression of meg3 in adjacent tissues was higher than that in RCC, and clarified 

the role of MEG3-ST3Gal1-EGFR axis in RCC progression, providing a new mechanism [46]. 

The prediction results of adenocarcinoma are shown in Table 3. Among the top 10 lncRNAs, 8 lncRNAs 

were verified. Adenocarcinoma includes many derived cancers, such as adenocarcinoma of the small 

intestine[47], gastric adenocarcinoma[48], esophageal adenocarcinoma[49] and pancreatic adenocarcinoma 

[50]. Many studies have shown that lncRNAs are associated with adenocarcinoma. Lu et al. demonstrated 

that MALAT1 was associated with gastric adenocarcinoma [51]. Tang et al. demonstrated that the expression 

of miR-665 was elevated in gastric adenocarcinoma, and found that the expression of miR-665 was 

negatively regulated by MEG3 [52]. 

Conclusions 

Nowadays, many studies have shown that lncRNA plays an important role in many human diseases. 

Therefore, it becomes very meaningful to use the known lncRNA-disease association to infer the potential 

lncRNA-disease association. This will not only help to understand the factors of disease, but also contribute 

to the prevention and prognosis of disease. In addition, compared with the traditional experimental methods, 

the calculation methods save more time and cost, and can provide direction for biological experiments. In 
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this paper, we proposed a computational method named GILDA to predict the potential lncRNA-disease 

association based on graphlet interaction. GILDA combines the known lncRNA-disease association, disease 

semantic similarity, lncRNA functional similarity and Gaussian interaction profile kernel similarity. In the 

evaluation of global LOOCV, local LOOCV and fivefold cross-validation, the AUC values of GILDA were 

0.8844, 0.8468 and 0.8742 ±0.0057, respectively. Compared with SIMCLDA, HOMPCLDA and 

NCPHLDA, GILDA has better prediction performance in LOOCV and 5 fivefold cross-validation. 

In order to further verify the accuracy of GILDA, we selected three diseases (hepatocellular carcinoma、

renal cancer and adenocarcinoma) as case studies. The top 10 lncRNAs in the prediction rank of each disease 

were investigated by using PubMed. The results showed that the prediction success rates of the three 

diseases were 100%, 100% and 80% respectively. The top three lncRNAs predicted for the three diseases 

have also been verified by literatures [41-43, 45, 46, 51, 53-55]. In conclusion, we considered the following 

reasons for the excellence of GILDA performance. Firstly, the model combines lncRNA functional similarity, 

disease semantic similarity and Gaussian interaction profile kernel similarity to make the similarity between 

two lncRNAs and two diseases more accurate. Secondly, graphlet interaction describes the complex 

relationship between two nodes, which includes direct and indirect relationships between nodes. Finally, the 

method combines the lncRNA-disease association score calculated in the disease graph with the score 

calculated in the lncRNA graph to obtain the prediction score. GILDA is also applicable to predict new 

diseases without known related lncRNAs or new lncRNAs without known related diseases. 

No calculation method is perfect, and GILDA also has some shortcomings. Firstly, GILDA is highly 

dependent on data. The larger the data set is, the better the prediction effect will be. However, the known 

lncRNA-disease association data is still insufficient. Secondly, GILDA only considers graphlets with no 

more than 4 nodes when calculating graphlet interaction, which means that the calculation excludes the 

similarity information of nodes indirectly linked to more than three edges, but there may be useful 

information from these excluded nodes. In the future, we will consider more nodes and make full use of the 

similarity information between nodes. Third, the accuracy of lncRNA functional similarity and disease 

semantic similarity is not high enough. More accurate calculation methods will be developed in the future, 

and we will use these more accurate calculation methods in future. In addition, GILDA cannot predict a new 

association between a new lncRNA and a new disease. Finally, for the current lncRNA-disease association 

research, cross validation is the mainstream method for model evaluation. We hope to develop a more 

accurate method to evaluate the performance of the prediction model. 
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Table Legends  

Table 1 The top 10 lncRNAs predicted by GILDA to be associated with hepatocellular carcinoma and 

the lncRNAs confirmed with PubMed. 

lncRNA Rank Evidence(PubMed） 

H19 1 33236528 

MALAT1 2 27993818 

MEG3 3 31396320 

CDKN2B-AS1 4 32801906 

HOTAIR 5 30943982 

GAS5 6 31720088 

UCA1 7 31040354 

PVT1 8 30008615 

HULC 9 31645479 

BANCR 10 31196106 
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Table 2 The top 10 lncRNAs predicted by GILDA to be associated with renal cancer and the lncRNAs 

confirmed with PubMed. 

lncRNA Rank Evidence(PubMed） 

H19 1 25866221 

MEG3 2 32737220 

MALAT1 3 32203053 

CDKN2B-AS1 4 32814766 

HOTAIR 5 29717517 

PVT1 6 32921988 

GAS5 7 31849505 

UCA1 8 31996265 

CRNDE 9 30129055 

DGCR5 10 34322486 

 

Table 3 The top 10 lncRNAs predicted by GILDA to be associated with adenocarcinoma and the 

lncRNAs confirmed with PubMed. 

lncRNA Rank Evidence(PubMed） 

MALAT1 1 31480991 

H19 2 31503013 

MEG3 3 31650535 

HOTAIR 4 31452722 

CDKN2B-AS1 5 unknown 

GAS5 6 25925741 

TUG1 7 29960845 

UCA1 8 30868851 

PVT1 9 30001707 

HULC 10 unknown 

 

Figure Legends 

Fig 1 The ROC curve and AUC of global LOOCV for GILDA, SIMCLDA, HOMPCLDA and NCPHLDA. 

 

Fig 2 The ROC curve and AUC of local LOOCV for GILDA, SIMCLDA, HOMPCLDA and NCPHLDA. 

 

Fig 3 The flow chart of GILDA, which was constructed with the calculation of graphlet interaction based 

on the known lncRNA-disease associations, disease semantic similarity and lncRNA functional similarity. 

 



Figures

Figure 1

The ROC curve and AUC of global LOOCV for GILDA, SIMCLDA, HOMPCLDA and NCPHLDA.



Figure 2

The ROC curve and AUC of local LOOCV for GILDA, SIMCLDA, HOMPCLDA and NCPHLDA.



Figure 3

The �ow chart of GILDA, which was constructed with the calculation of graphlet interaction based on the
known lncRNA-disease associations, disease semantic similarity and lncRNA functional similarity.
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