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Data introduction
The MVIGCN model is predicated on the regulatory networks of biological macromolecules, specifically lncRNAs, and their relationships with various diseases. This model requires several types of data, including lncRNA‒disease association data, as well as disease and lncRNA similarity data. The statistical details regarding the data sources, sample sizes, and number of associations are presented in Table 1. The lncRNA–disease relationship data are sourced from the LncRNADisease and LncCancer databases, encompassing a total of 2,697 associations involving 412 diseases and 240 lncRNAs. This relationship is represented in a 240 × 412 matrix (denoted LD), where as indicated in Equation (1), a value of 1 in the matrix signifies a known relationship between disease  and lncRNA , whereas a value of 0 indicates an unknown association. The lncRNA‒miRNA relationship data were obtained from the StarBase v2.0 database, which includes 1,002 associations between 240 lncRNAs and 495 miRNAs. The association matrix for lncRNA‒miRNA (denoted LM) is defined similarly, as shown in Equation (2). Furthermore, the miRNA‒disease relationship data are derived from HMDD v2.0, which contains 13,562 relationships between diseases and miRNAs, with the corresponding association matrix (MD) defined in Equation (3). Additionally, the MVIGCN model incorporates data on functional similarities among diseases and lncRNAs.
Table 1. Statistics of relevant data sources
	Types
	Number of samples
	Number of associations
	data sources


	LncRNA-Disease
	
	2697
	LncRNADisease、Lnc2Cancer

	LncRNA-miRNA
	
	1002
	StarBase v2.0

	miRNA-Disease
	
	13562
	HMDD v2.0

	Disease-Disease
	
	-
	Disease Ontology 2015








Methodology for Similarity Calculation and Network Construction
1. Development of a Three-Layer Correlation Network Involving lncRNAs, miRNAs, and Disease
The MVIGCN prediction model is predicated on the fundamental hypothesis that similar lncRNAs are likely to be associated with similar diseases. This model extracts topological structural characteristics from various biological macromolecule association networks, facilitating the learning of both direct and indirect relationships between lncRNAs and diseases for the purpose of predicting their interrelations. Consequently, the initial phase of this model involves the construction of a robust heterogeneous network that links lncRNAs and diseases, which provides reliable data for the association prediction framework.
lncRNAs are integral to biological processes. In recent years, miRNAs, which are also noncoding RNAs capable of regulating human physiological and pathological processes, have garnered increased attention from researchers regarding their mechanisms of action and regulatory relationships, particularly in comparison to those of lncRNAs. Like lncRNAs, miRNAs are implicated in the onset and development of various diseases. Ongoing research efforts have led to the identification of a diverse array of miRNA mechanisms, alongside the establishment of multiple data resources, including miRNA–disease relation databases and miRNA–lncRNA relation databases. Furthermore, lncRNAs and miRNAs can mutually regulate, influencing the development of cancer and other diseases. Given the intricate and multifaceted regulatory mechanisms associated with lncRNAs, it is imperative to utilize a variety of biological data to thoroughly investigate the relationships between lncRNAs and diseases, improving the predictive precision of the model.


Figure 1. Illustrates a three-layer correlation network involving lncRNAs, miRNAs, and diseases.
By utilizing comprehensive miRNA-related data resources, MVIGCN initially investigated the associations among miRNAs. This study builds on the foundational hypothesis that "similar lncRNAs may be related to similar diseases" by proposing that "lncRNAs associated with the same miRNA may be linked to the same disease". As shown in Figure 1, a three-layer association network comprising lncRNAs and diseases, which is referred to as [net]_1, was constructed. The three distinct layers depicted in the figure correspond to lncRNAs, miRNAs, and diseases. The connection between nodes in the two layers of networks indicates that a known relationship exists between the two nodes. Otherwise, the association between the two nodes is unknown. As shown in Equation (4), the adjacency matrix  of  is defined as follows, where LM and MD refer to the lncRNA‒miRNA incidence matrix and miRNA-disease incidence matrix, respectively,  and  represent the transpose matrix of the LM matrix and MD matrix, respectively, and O represents the all-0 matrix.


2. Construction of a Two-Layer Heterogeneous Network for lncRNA‒Disease Associations
This study is predicated on the fundamental premise that "functionally analogous lncRNAs may be linked to diseases exhibiting similar phenotypic characteristics." Hence, a two-layer heterogeneous network encompassing lncRNA‒disease associations has been developed, integrating a functional similarity network for lncRNAs, a phenotypic similarity network for diseases, and a lncRNA‒disease association network, as shown in Figure 2. With this network, the MVIGCN model employs a graph deep learning algorithm to extract pertinent information regarding the functional similarities among lncRNAs and the phenotypic similarities among diseases. This approach facilitates the exploration of the relationships between diseases and lncRNAs from a similarity perspective. The implementation of appropriate computational methodologies for assessing lncRNA and disease similarities is crucial for addressing the challenges posed by isolated diseases and lncRNAs, as well as for enhancing the predictive performance of the model. The subsequent sections detail the methodologies employed for calculating disease and lncRNA similarities, as well as the procedural steps involved in constructing the lncRNA‒disease two-layer heterogeneous network.


Figure 2.lncRNA- disease two-layer network 

1) The computational framework for assessing semantic similarity in disease classification.
Disease A is expressed as the graph , where , , and  represent the ancestor nodes and associated edges of diseases A and A, respectively. First, the semantic contribution value  of disease t and disease A in , is defined and calculated as follows 1:

where ∆ denotes the semantic contribution parameter associated with disease t and the corresponding child disease . Disease A is the most specific disease classification, so the semantic contribution value of A to itself is 1. A node farther from disease A is a more generalized disease classification, and its semantic contribution value should also be lower. Thus, the value interval of ∆ should be (0, 1). On the basis of Equation (5), the semantic value of disease A can be calculated via the following formula 2:

As mentioned above, assuming that two diseases with more common ancestor nodes have higher semantic similarity, the semantic relevance of the disease can be determined by the relative position of the disease in the disease DAG. The semantic similarity of diseases A and B is defined as follows 3:

[bookmark: _GoBack]where  represents the semantic similarity,  and  represent the semantic values, and  and  represent the semantic contribution values of disease t to diseases A and B, respectively. On the basis of the above method, this paper uses the DincRNA online toolkit 4 to determine the semantic similarity in 412 diseases and obtains the DSS matrix of 412 diseases. The entity  represents the semantic similarity value in disease i and disease j.
2) the Calculation model of lncRNA functional similarity.
According to the basic hypothesis that lncRNAs related to similar disease sets have similar functions, the functional similarity of lncRNAs was determined via the disease sets associated with them. This paper refers to the calculation model proposed by Chen et al. 5 to calculate the functional similarity. Using the calculation of the functional similarity of lncRNAs  and  as an example, we define  as the set of lncRNA -related diseases, define  and define DG (v) as the set of lncRNA v-related diseases, define , and use the similarity between  and  as the functional similarity of lncRNAs  and . To determine the similarity between  and , first, the similarity between a related disease of one lncRNA and the related disease set of another lncRNA is calculated. For example, the similarity calculation formula between the disease  related to lncRNA  and the disease set  related to lncRNA  is as follows 6:

The similarity between  and  of the disease set is subsequently calculated as follows 7:

where m and n refer to the number of disease sets related to lncRNAs  and , respectively, and  represents the functional similarity. According to the above calculation method, the matrix  for 240 lncRNAs is obtained, and the entity  refers to the functional similarity value of two lncRNAs.

3) A computational model of kernel similarity for diseases.
This research applied the model proposed by Chen et al. 5 to determine the GIP similarity. Using the calculation of the similarity in disease  and  GIP as an example, we define the interaction spectrum  of the i-th behaviour disease 𝑑𝑖 of the lncRNA-disease relation matrix 𝐴.  is a binary vector representing the correlation in  and each lncRNA. Similarly, we define the interaction spectrum  of disease . On the basis of the disease interaction spectrum described above, the similarity between  and  is expressed as follows:


where  represents the total number of diseases and  is a hyperparameter that controls the width of the nucleus. Its value is related to the average number of disease-associated lncRNAs and is calculated by another normalized nuclear bandwidth hyperparameter . According to experience, the value of  is often 1, and the calculation method of  is shown in Equation (11). Thus, the similarity matrix DGIP for 412 diseases is obtained, and the entity  represents the similarity value in disease  and disease .

4) Kernel similarity calculation model of lncRNAs.
As mentioned above, the kernel similarity of lncRNAs is also computed in this paper on the basis of the computational model constructed by Chen et al. 5. The calculation formula is as follows:


where  is the similarity value of the kernel between  and ,  and  are the interaction kernels of  and , respectively, and  is the bandwidth regulator, which is also related to the mean number of diseases related to the lncRNA.  refers to the number of lncRNAs, and  is the normalized nuclear bandwidth regulator, which is usually set to 1 according to experience. The kernel similarity  in 240 lncRNAs is obtained, and the entity  represents the kernel similarity value.

5) Calculation model of disease cosine similarity.
In multidimensional space, the relationship between each disease and other biological macromolecules can be expressed as a one-dimensional vector, and the similarity between two vectors can be used to represent the similarity in diseases. In this work, the correlation between a disease and a lncRNA is used to represent the vector corresponding to the disease, and the cosine similarity of the vectors of the two diseases is regarded as the similarity of different diseases. The calculation method is as follows:

where  represents the cosine similarity in  and ;  is the offset matrix;  represents the i-th column of matrix , that is, the corresponding one-dimensional vector of ; and  is the corresponding one-dimensional vector of disease .  is the cosine similarity matrix among 412 diseases, in which the value range of the elements is [0, 1].

6) Calculation Model of the Cosine Similarity of lncRNAs.
As previously mentioned, to integrate multiple types of similarity information widely, this paper also introduces cosine similarity. The calculation method is as follows:

where  is the cosine similarity between  and ;  represents the i-th line of matrix , that is, the corresponding one-dimensional vector of ; and  is the corresponding vector of disease .  is a cosine similarity matrix between 240 lncRNAs.
As mentioned above, the calculation of kernel similarity and cosine similarity between diseases and lncRNAs is based on the lncRNA‒disease relationship. Therefore, this paper uses different weights to fuse the two similarities between diseases and lncRNAs. The vector-based similarity calculation formula for disease-related lncRNAs is as follows:


where  and  represent the similarity based on the vector distance measurement;  and  represent the weight values of the kernel similarity value and cosine similarity value of the lncRNA, respectively; and  and  represent the weight values of two kinds of similarity of diseases, respectively. With reference to the experimental experience of Fan et al. 8, when the , ,  and  values are 0.1, 0.9, 0.2 and 0.8, respectively, in the testing dataset used in the present research, the model has the best performance.
The functional similarity between lncRNAs and diseases and the similarity based on vector distance were fused. Inspired by Chen et al., the final comprehensive similarity calculation formula for lncRNAs is as follows:

where  is the comprehensive similarity matrix of lncRNAs and  represents the comprehensive similarity value between  and .

where  is the comprehensive similarity matrix of the disease and  refers to the comprehensive similarity value between  and . Therefore, the bias matrix  of the two-layer heterogeneous network  of lncRNA diseases is as follows:
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