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Abstract: Piwi interacting RNA (piRNA) is a type of small non coding RNA with a length of 24-32 nucleotides, mainly 
expressed in germ cells. Its abnormal expression is closely related to various diseases such as cancer and neurodegenerative 
diseases. Although biological experiments are the gold standard for identifying the association between piRNA and disease 
(PDA), their high cost and long cycle limit research progress. Therefore, computational models have become an important tool 
for assisting in predicting PDA. However, existing computational methods generally suffer from issues such as insufficient 
feature extraction and imbalanced data. This article proposes a prediction model based on the fusion of graph convolutional 
network and attention mechanism - RandGCN. This model combines piRNA sequence embedding, heterogeneous graph 
construction based on random walks, multi-layer graph convolution feature extraction, and multi head attention mechanism with 
gating units, effectively improving the accuracy and robustness of PDA prediction. The experimental results on the MNDR 
dataset show that RandGCN performs well in both AUC and AUPR values, demonstrating excellent predictive performance and 
potential applications. 
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1. Introduction 
Piwi-interacting RNA (piRNA) is a class of small non-

coding RNA, 24 to 32 nucleotides in length, primarily 
expressed in germ cells [1,2]. In 2006, Girard et al. identified 
a group of previously unclassified small atypical RNAs that 
bind to the MIWI mouse Piwi protein and are highly enriched 
in testicular tissues, thus named piwi-interacting RNAs 
(piRNAs) [3-5]. 

Studies have confirmed that abnormal expression of 
piRNA is closely associated with the development and 
progression of various human diseases, including cancer, 
neurodegenerative disorders, and age-related conditions [6]. 
PiRNAs are not only deeply involved in the regulatory 
networks of human diseases but are also increasingly 
recognized as key initiators and regulators in tumorigenesis 
and tumor progression [7]. For example, piRNA-14633 is 
significantly up-regulated in cervical cancer tissues and cells, 
where it strongly promotes tumor growth [8]. In contrast, 
piRNA-6426 expression is reduced in patients with heart 
failure, and its functional restoration can alleviate hypoxia-
induced damage in cardiomyocytes and inhibit the 
progression of heart failure [9]. Thus, accurate identification 
of disease-related piRNAs is of central importance for 
developing novel diagnostic biomarkers and therapeutic 
strategies. 

Current piRNA research focuses mainly on its molecular 
mechanisms and biological functions in various diseases. 
Although biological experiments—such as gene knockout [10] 
and RNA interference [11]—remain effective means for 
identifying piRNA–disease associations, these methods often 
involve complex, costly, and time-consuming procedures [12]. 
Moreover, with the continuous growth in the number of 
known piRNAs and diseases, relying solely on experimental 
approaches for systematic association mining faces 
limitations in both time and resources. To address these 
challenges, researchers have developed various 
computational models to predict potential piRNA–disease 

associations (PDA), providing efficient and valuable tools to 
assist and guide subsequent biological experiments [13]. 
Identifying disease-related piRNAs and revealing their roles 
in pathogenesis is currently a core topic in biomedical and 
clinical research. Drawing on the association patterns 
between other functional RNAs and diseases, we can 
reasonably infer the potential relationship between 
unexplored non coding RNAs and diseases [14-15]. This 
computational process typically involves two key steps: first, 
constructing a biological network with RNA and disease as 
nodes and known associations as edges; Secondly, utilizing 
the existing information in the network, new associations are 
predicted through machine learning methods. Although some 
piRNA disease associations have been experimentally 
validated, research in this field, like predicting associations 
between miRNA [16-17], lncRNA [18-19], and circRNA [20], 
is still generally limited by long experimental cycles and high 
resource consumption. To address this challenge, an 
increasing number of efficient computing algorithms have 
been proposed to accelerate the construction of piRNA 
disease association networks. 

Although predictive models based on computational 
methods have certain advantages, there are still significant 
shortcomings in feature design. Firstly, most models overly 
rely on known correlated samples to construct feature 
networks, failing to fully integrate the sequence information 
of piRNA itself, resulting in inaccurate characterization of 
piRNA and disease features, thereby limiting the predictive 
performance of the models. Secondly, the common issue of 
class imbalance in the dataset, where there is a significant 
disparity in the number of positive and negative samples and 
reliable negative samples are difficult to obtain, also affects 
the robustness of the model. In addition, there may be true 
positive associations hidden in unlabeled samples that have 
not been discovered due to cost or technical limitations. These 
factors collectively constrain the accuracy and 
comprehensiveness of the model in predicting unknown 
associations. 
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To address the above issues, this paper proposes a piRNA 
disease association prediction model based on graph 
convolution and attention encoding fusion - RandGCN. The 
main contributions of this method are as follows: 

(1) Combining word2vec and TextCNN for embedding 
representation of piRNA sequences, and using random walk 
algorithm to construct piRNA disease heterogeneity graph, 
enhancing the semantic discrimination ability of node 
features; 

(2) Introducing graph convolutional networks as feature 
extraction modules, by preserving the features of the middle 
layers of the graph network, multi-level feature 
representations are constructed to enhance the integrity and 
expressive power of information; 

(3) Introducing gating units in the attention encoding layer 
to regulate the information flow between attention output and 

raw input through learnable gating vectors, enhancing the 
ability to select key information while reducing 
computational complexity. 

2. Method 
The flowchart of the RandGCN model is shown in Figure 

1, which can be divided into three steps: (1) piRNA sequence 
processing: splitting the RNA sequence and obtaining feature 
vectors using word2vec; (2) Construct a similarity matrix 
between piRNA and diseases using random walk algorithm, 
and extract feature representations of piRNA and diseases 
using graph convolutional network; (3) Using attention 
mechanism to predict the association score between piRNA 
and diseases. 

 

 
Figure 1. RandGCN flowchart 

 

2.1. Construction of piRNA Disease 
Association Matrix 

This article uses a piRNA disease association database to 
construct a PDA association matrix, represented as follows: 

 

𝐴 ൌ ൥
𝑎ଵ,ଵ ⋯ 𝑎ଵ,௡

⋮ ⋱ ⋮
𝑎௠,ଵ ⋯ 𝑎௠,௡

൩                (1) 

Among them, m and n represent the number of piRNAs and 
diseases, respectively. If there is an association between the i-
th piRNA and the j-th disease, then𝑎௜,௝ ൌ 1;Conversely, it is 
0. 

2.2. Construction of piRNA Sequence 
Similarity Matrix 

To quantify the sequence similarity between piRNA 
molecules, this study first extracted their sequence 
information from a designated database. Subsequently, the 
Smith Waterman algorithm was used to pairwise align all 
piRNAs, thereby constructing an 𝑚 -dimensional piRNA 
sequence similarity matrix, denoted as 𝑃𝑆௦௘௤ ∈ 𝑅௠ൈ௠ , 
where dimension m corresponds to the number of piRNAs 
studied. To eliminate the influence of dimensionality, the 
original similarity score is normalized, and the final 
calculation formula is defined as follows: 

𝑆௣
௦௘௤൫𝑝௜, 𝑝௝൯ ൌ

ௌௐሺ௣೔,௣ೕሻ

ටௌௐሺ௣೔,௣೔ሻൈௌௐሺ௣ೕ,௣ೕሻ
          (2) 

Where 𝑆𝑊ሺ𝑝௜, 𝑝௝ሻ ∈ 𝑅௠ൈ௠  represents the sequence 
similarity between the i-th and j-th piRNAs. 

2.3. Construction of Gaussian Interaction 
Nuclear Similarity in piRNA 

In ncRNA disease association prediction, a fundamental 
assumption is that functionally similar molecules (such as 
piRNA) tend to be associated with similar diseases. Gaussian 
interaction spectral kernel similarity is an effective 
measurement method based on this assumption, which 
evaluates the correlation between two nodes (such as piRNA) 
by calculating their interaction spectral similarity in a known 
association network. Specifically, the GIP nuclear similarity 
between the i-th and j-th piRNAs is defined as: 

𝑆௣
ீூ௉൫𝑝௜, 𝑝௝൯ ൌ exp ሺെ𝜆௣ฮ𝐴ሺ𝑝௜, ሻ െ 𝐴ሺ𝑝௝, ሻฮ

ଶ
ሻ     (3) 

Among them, 𝐴ሺ𝑝௜, ሻ and 𝐴ሺ𝑝௝, ሻare the i-th and j-th row 
vectors of the correlation matrix A, and 𝜆௣  is the kernel 
width coefficient, defined by the following formula: 

𝜆௣ ൌ
ଵ

భ
ಿ೛

∑ ‖஺ሺ௣ೖ,ሻ‖మಿ೛
ೖసభ

                  (4) 

2.4. piRNA Similarity Matrix 
The similarity between piRNAs is the average of sequence 

similarity and GIP kernel similarity, expressed as follows: 

𝑆௣ ൌ
ௌ೛

ೞ೐೜ାௌ೛
ಸ಺ು

ଶ
                  (5) 

2.5. Construction of Disease Semantic 
Similarity Matrix 

To quantify the topological relationships between diseases, 
we introduced a semantic similarity measure based on the 
MeSH database. The core idea of this method is that if two 
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diseases share more nodes in their DAG (Directed Acyclic 
Graph) structure, they are semantically more similar. In this 
way, the correlation between diseases can be effectively 
captured. Specifically, the semantic similarity between the i-
th and j-th diseases is calculated using the following formula: 

𝑆ௗ
௦௘௠ሺ𝑑௜, 𝑑௝ሻ ൌ

∑ ቀௌ೏೔
ሺ௧ሻାௌ೏ೕ

ሺ௧ሻቁ೟∈೅೔ ⋂ ೅ೕ

∑ ௌ೏೔೟∈೅೔ ሺ௧ሻା∑ ௌ೏ೕ
ሺ௧ሻ೟∈೅ೕ

         (6) 

Where 𝑇௜  is the set of all diseases in the DAG that 
includes the i-th disease, and represents the semantic impact 
of the disease on the i-th disease. Its calculation is as follows: 

 

ቊ
𝑆ௗೖ

ሺ𝑡ሻ ൌ 𝑚𝑎𝑥൛𝜃 ∙ 𝑆ௗೖ
ሺ𝑡ᇱሻห𝑡ᇱ ∈ 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 𝑜𝑓ሺ𝑡ሻൟ   𝑖𝑓 𝑑௞ ് 𝑑௝

𝑆ௗೖ
ሺ𝑡ሻ ൌ 1                                                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                        (7) 

 
Where 𝜃 is the attenuation parameter, set to 0.5. The less 

intersection between the parents of two diseases, the lower the 
semantic similarity. 

2.6. Construction of Gaussian Interaction 
Kernel Similarity Matrix for Diseases 

Similar to piRNA, the GIP nuclear similarity between 
diseases is as follows: 

𝑆ௗ
ீூ௉൫𝑑௜, 𝑑௝൯ ൌ exp ሺെ𝜆ௗฮ𝐴ሺ, 𝑑௜ሻ െ 𝐴ሺ, 𝑑௝ሻฮ

ଶ
ሻ    (8) 

2.7. Disease Similarity Matrix 
Obtain disease similarity matrix through semantic 

similarity and GIP kernel similarity: 

𝑆ௗ ൌ
ௌ೏

ೞ೐೘ାௌ೏
ಸ಺ು

ଶ
                    (9) 

2.8. Construction of piRNA Disease 
Heterogeneous Network 

The piRNA disease heterogeneous network consists of the 
following three parts: 

𝐴 ൌ ൤
𝑆௣ 𝐴
𝐴் 𝑆ௗ

൨                  (10) 

In this model, we define three core matrices: 𝑆௣, 𝑆ௗ, and 
𝐴.𝑆௣ ∈ 𝑅௠ൈ௠ is the piRNA similarity matrix, calculated by 
formula (5); 𝑆ௗ ∈ 𝑅௠ൈ௡  is the disease similarity matrix, 
calculated by formula (9); 𝐴 ∈ 𝑅௠ൈ௡ is the piRNA disease 
adjacency matrix. Among them, the dimensions 𝑚  and 𝑛 
of the matrix correspond to the total number of piRNAs and 
diseases, respectively. 

3. Model 

3.1. piRNA Sequence Processing 
To capture the similarity of piRNAs at the sequence level, 

we introduced an embedding strategy based on natural 
language processing principles. Firstly, the piRNA sequence 
is decomposed into a series of non-overlapping 3-mer 
subsequences to extract its basic compositional information. 

Next, we treat these 3-mers as a corpus and apply the 
word2vec model for unsupervised learning to generate dense 
vector representations for each 3-mer. In this process, we 
specifically chose the skip gram architecture because it can 
generate more accurate representations than other models 
when dealing with infrequently occurring "words" (i.e. low-
frequency 3-mers). 

Random walk is a fundamental mathematical statistical 
model used to characterize a path composed of a series of 
random steps. It can effectively simulate various irregular 
patterns, such as the unstable walking trajectory of 
intoxicated individuals. In concept, random walk is closely 
related to Brownian motion and can be seen as an idealized 
mathematical representation of Brownian motion in discrete 
time.. 

A simple example: The most typical one-dimensional 
random walk process is as follows. Imagine a particle located 
at the origin of the number axis. At each moment t, it starts 
from the current position 𝑥ሺ𝑡ሻ and chooses to move forward 
one step (to reach 𝑥ሺ𝑡 ൅ 1ሻ) or backward one step (to reach 
𝑥ሺ𝑡ሻ െ 1 ) with the same probability (1/2). Repeatedly, the 
particle passes through a series of position points 𝑥ሺ0ሻ, 𝑥ሺ1ሻ, 
𝑥ሺ2ሻ  The set of... defines a one-dimensional random walk 
process. 

3.2. Graph Convolutional Layer 
Graph convolutional network is a neural network model 

that can effectively extract features from graph data. The core 
mechanism is to update the representation of the central node 
by aggregating information from neighboring nodes. As 
shown in Figure 2, for any node in the graph, GCN first 
collects its own features and the features of all its neighbors. 
Subsequently, a new node embedding is generated by 
normalizing and aggregating these features. This new 
embedding integrates the topology and attribute information 
of the node itself and its neighborhood, thereby obtaining a 
more discriminative depth representation than the original 
features. 

 

 
Figure 2. GCN flowchart 
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Assuming the input feature is 𝑥ሺ௟ሻ, the first layer feature 

𝑥ሺ௟ାଵሻ processed by GCN is: 

𝑥ሺ௟ାଵሻ ൌ 𝜎ሺ𝐷ି
భ
మ𝐴መ𝐷ି

భ
మ𝐻௟𝑊௟ሻ              (11) 

In this model, the input of GCN is the initial embedding 
matrix 𝐻଴ , which is composed of embedding vectors of 
piRNA and disease concatenated together. Among them, 
piRNA embedding originates from sequence features, while 
disease embedding directly uses the similarity matrix 𝑆ௗ. At 
each layer 𝑙 of GCN, node embeddings 𝐻௟ are updated by 
aggregating neighborhood information, and their matrix 
structure remains unchanged: the first 𝑚  rows are piRNA 
embeddings, and the last 𝑛 rows are disease embeddings. In 
the model,𝜎 ,𝐴መ ,𝐷 , and 𝑊௟  represent the ReLU activation 
function, adjacency matrix, degree matrix, and weight matrix, 
respectively. 

3.3. Attention Mechanism Layer with Gate 
Control Unit 

In order to further model the intricate relationship between 
piRNA and diseases, we designed an enhancement module 
that integrates multi head attention and gated linear units 
(GLU). The core advantage of this module lies in its dual 
screening mechanism: firstly, the multi head attention 
mechanism can dynamically evaluate the importance between 
nodes and assign higher attention weights to key piRNA and 
disease nodes; Secondly, the GLU gating mechanism further 
filters information on this basis, acting like an intelligent gate 
that amplifies effective signals and suppresses noise 
interference. Through this "focus first, filter later" strategy, 
the model is able to accurately identify and utilize the most 
valuable features in PDA prediction tasks, significantly 
improving its ability to represent complex associations. 

 
Figure 3. (left) dot product attention; (Right) Multi head Attention 

 
To dynamically evaluate the importance between piRNA 

and disease nodes, we introduced an attention mechanism, 
whose structure is shown in Figure 3. The core of this 
mechanism is to map queries 𝑄, keys 𝐾, and values 𝑉. In 
our setting, queries and keys are used to calculate attention 
scores to quantify the strength of associations between nodes; 
And the value vector carries the actual features of the node 
(piRNA or disease). We further adopt multi head attention, 
which parallel processes multiple representation subspaces to 
enable the model to capture complex dependency 
relationships from different perspectives. The specific dot 
product attention calculation method is as follows: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛ሺ𝑄, 𝐾, 𝑉ሻ ൌ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥ሺ
ொ௄೅

ඥௗೖ
ሻ𝑉      (12) 

Where 
𝑄ᇱ ൌ 𝑄𝑊ொ

𝐾ᇱ ൌ 𝐾𝑊௄

𝑉ᇱ ൌ 𝑉𝑊௏
                    (13) 

𝑊ொ,𝑊௄ and 𝑊௏are trainable parameters, and 𝑑௞ is the 
dimension of the feature vector. 

The core advantage of the multi head attention mechanism 
is that it allows the model to simultaneously learn the 
dependency relationships between nodes in multiple different 
representation subspaces. This design enables the model to 
examine the association between piRNA and disease from 
multiple perspectives, thereby capturing its complex 
interaction patterns more comprehensively and deeply: 

𝑋 ൌ 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑ሺ𝑄, 𝐾, 𝑉ሻ ൌ 𝐶𝑜𝑛𝑐𝑎𝑡ሺℎ𝑒𝑎𝑑ଵ, ⋯ , ℎ𝑒𝑎𝑑௛ሻ𝑊ை

ℎ𝑒𝑎𝑑௜ ൌ 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛ሺ𝑄𝑊௜
ொ, 𝐾𝑊௜

௄, 𝑉𝑊௜
௏ሻ

   (14) 

In this model, ℎ represents the number of attention heads, 

which we set to 2 by default. The output of the multi head 
attention mechanism 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑ሺ𝑄, 𝐾, 𝑉ሻ is an embedding 
matrix, where each row corresponds to an enhanced feature 
representation of a node (piRNA or disease). This 
representation is formed by concatenating and projecting 
information learned by multiple attention heads in different 
subspace. 

To predict the association between piRNA and disease, we 
first extracted the final embedding vector of the target piRNA 
and disease from 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑ሺ𝑄, 𝐾, 𝑉ሻ . Then, we quantify 
the similarity between these two vectors by calculating their 
inner product, which is the predicted correlation score. 

In standard attention modules, there is usually a residual 
connection (adding input and output) and layer normalization 
operation. These steps are used to optimize the training 
process and feature fusion, but the final correlation score 
calculation is based on the inner product of the normalized 
output vector. 

The results of traditional attention may lead to the 
introduction of irrelevant feature noise during fusion. 
Therefore, this study introduces a gating unit in the output 
layer of the attention mechanism. The gating unit is an 
improved variant of MLP enhanced by gating, and its 
calculation form is:  

𝐺 ൌ 𝜎ሺ𝑋𝑊௚ ൅ 𝑏௚ሻ                 (15) 
Among them, 𝑋  is the original representation of multi 

head attention that contains interactive information from 
multiple perspectives, 𝑊௚  and 𝑏௚ are learnable parameters, 
and 𝜎is the Sigmoid function that maps the result to [0,1], 



 

13 

representing the "degree of gate opening and closing". When 
G is closer to 1, it indicates that the output is biased towards 
new information; The closer G is to 0, the more biased the 
output is towards the original input. 

The final output is: 
𝑌 ൌ 𝐺⨀𝑋ᇱ ൅ ሺ1 െ 𝐺ሻ⨀𝑋             (16) 

Among them, ⨀ represents element wise multiplication, 
and 𝐺  controls whether each dimension selects more new 
information 𝑋′ from attention or retains more original input 
𝑋. 

4. Results and Discussion 

4.1. Datasets 
To construct the experimental dataset, we extracted raw 

data from the comprehensive database MNDR [21] 
(RNADisease v4.0). The database has a large scale, 
containing over 3.42 million RNA disease associations, 
covering 18 RNA types, 117 species, and 4090 diseases. After 
data cleaning (including removing duplicates and fuzzy 
associations), we ultimately constructed a subset focused on 
piRNA and disease. This subset contains 9616 known PDAs, 
consisting of 8205 piRNAs and 15 diseases. It is worth noting 
that these positive sample associations only account for 7.81% 
of the entire association space, highlighting the challenge of 
mining new discoveries from massive unknown associations. 

4.2. Evaluation Metric 
To evaluate the performance of the model, we constructed 

the piRNA disease association prediction task as a binary 
classification problem. Among them, known piRNA disease 
associations are considered positive samples, while other 
unknown associations are considered negative samples. The 
output of the model is a correlation score, and by changing 
the judgment threshold of this score, a series of classification 
results can be obtained. Based on this, a confusion matrix can 
be constructed to calculate the values of TP, FP, FN, and TN. 
Based on the confusion matrix, we calculate two core metrics: 
true case rate and false positive case rate. The ROC curve is 
formed by plotting the (FPR, TPR) points at different 
thresholds, with FPR on the horizontal axis and TPR on the 
vertical axis. The definitions of TPR and FPR are as follows: 

𝑇𝑃𝑅 ൌ
்௉

்௉ାிே
                 (17) 

𝐹𝑃𝑅 ൌ
ி௉

ி௉ା்ே
                 (18) 

To evaluate the performance of the model under 
imbalanced positive and negative samples, we use the 
precision recall curve as a supplementary evaluation metric. 
By continuously adjusting the classification threshold, the 
model generates a series of prediction results for each sample, 
and calculates the corresponding accuracy and recall based on 
this. The PR curve depicts the trajectory formed by these 
points with recall as the horizontal axis and precision as the 
vertical axis. The definitions of recall and precision are as 
follows: 

𝑅𝑒𝑐𝑎𝑙𝑙 ൌ
்௉

்௉ାிே
                (19) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ൌ
்௉

ி௉ା்௉
              (20) 

The F1 score is the harmonic mean of precision and recall, 
calculated as follows: 

𝐹1 ൌ
ଶሺ௉௥௘௖௜௦௜௢௡ൈோ௘௖௔௟௟ሻ

௉௥௘௖௜௦௜௢௡ାோ௘௖௔௟௟
              (21) 

In order to robustly evaluate the performance of the model 
and address the bias caused by the large difference in the 
number of positive and negative samples in the raw data, we 

designed an experimental process based on 5-fold cross 
validation. Firstly, we construct a balanced dataset through 
random downsampling: for each positive sample, we 
randomly select a negative sample from a large pool of 
unlabeled samples to ensure an equal number of positive and 
negative samples. Then, randomly divide this balanced 
dataset into 5 equal parts. In each iteration of cross validation, 
the model is trained on 4 samples and tested on the remaining 
1 sample. This process is repeated 5 times to ensure that each 
data set has been used as a test set, and the final evaluation 
result is the average performance of each round. 

4.3. Compare with Other Methods 
We compared the model with six other methods for 5-fold 

cross validation on the dataset: ETGPDA, iPiDi PU, iPiDA 
GCN, iPiDA SWGCN, iPiDA GBNN, and piRDA. The 
experimental results were obtained by taking the average and 
variance of the last five iterations of all five cross validations. 
Table 1 shows the comparison results on the MNDR dataset. 
It can be seen that RandGCN achieved an AUC of 0.929 and 
an AUPR value of 0.507, both higher than other methods. 

 
Table 1. Comparison Results with Other Models 

 Ranking index AUC AUPR 

ETGPDA 0.116 0.916 0.417 
iPiDi-PUL(DT) 0.444 0.569 0.117 

iPiDi-PUL(SVM) 0.292 0.725 0.133 
iPiDi-PUL(RF) 0.238 0.784 0.165 

iPiDA-GCN 0.145 0.885 0.427 
iPiDA-SWGCN 0.113 0.920 0.465 
iPiDA-GBNN 0.153 0.879 0.461 

RandGCN 0.104 0.929 0.507 

4.4. The Influence of Random Probability 
The probability parameter of random walk directly affects 

the contextual information learned by the model by 
controlling the generation method of node sequence. 
Adjusting this parameter essentially changes the intrinsic 
distribution of the training data, which further shapes the final 
characteristics of node embedding. Our ablation experiment 
(see Table 2) validated this point: when the probability 
parameter is 0.7, the model can learn the node representation 
that is most conducive to distinguishing positive and negative 
samples, thus achieving the best performance with an AUC of 
0.929 and an AUPR of 0.507. This fully demonstrates the 
efficiency and accuracy of the RandGCN model in handling 
piRNA disease association binary classification problems. 

 
Table 2. Results of different random probabilities 

Random probability Ranking index AUC AUPR 
0.4 0.132 0.898 0.599 
0.5 0.136 0.894 0.359 
0.6 0.106 0.926 0.499 
0.7 0.104 0.929 0.507 
0.8 0.161 0.866 0.451 

5. Conclusion 
This study addresses the challenges of insufficient feature 

extraction and imbalanced data in piRNA disease association 
prediction tasks, and designs and implements a novel 
computational model called RandGCN. The core innovation 
of this model lies in the deep fusion of graph convolutional 
networks and gate enhanced attention mechanisms. 
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Specifically, the model constructs a heterogeneous graph 
network by integrating piRNA sequence information, 
utilizing multi-layer convolution to preserve rich intermediate 
features, and dynamically focusing on key information 
through attention mechanisms, thereby significantly 
enhancing its ability to represent complex associations. A 
comprehensive experimental evaluation confirms that 
RandGCN significantly outperforms current mainstream 
methods in key indicators such as AUC and AUPR. Further 
ablation studies have also revealed that random walk 
probability is an important hyperparameter that affects model 
performance. In summary, this work not only provides an 
efficient computational framework for piRNA disease 
association prediction, but also offers new ideas for other non 
coding RNA related research, with good theoretical 
significance and application potential. 
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