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Abstract
Regulatory interactions associated with diseases are pivotal for
elucidating the molecular mechanisms that drive disease progres-
sion and promoting precision medicine. Nevertheless, existing re-
search algorithms often overlook the potential dynamic synergistic-
competitive mechanisms between different ceRNA regulatory net-
works and lack cross-space learning capabilities across multiple
heterogeneous graph structures, making it difficult to comprehen-
sively capture the multidimensional molecular regulatory biologi-
cal mechanisms in disease data with different structural densities.
Therefore, we propose the cross-space multiscale adaptive learn-
ing framework (CSMSA) that integrates a heterogeneous five-layer
ceRNA regulatory network and introduces an adaptive cross-space
learning mechanism to dynamically capture complementary and
specific interactions and effectively learn the intrinsic biological
regulatory mechanisms. Moreover, the CSMSA framework employs
a multi-scale feature fusion strategy that hierarchically learns node
embeddings by integrating local structural information and global
topological features from heterogeneous graphs to enhance pre-
dictive performance and robustness across complex datasets of
varying sizes. Comprehensive evaluations on three independent
datasets show that CSMSA surpasses existing methods in the mul-
timolecular disease prediction task (Max AUC = 0.9880, Max AUPR
= 0.9829), thereby providing a reliable new paradigm for probing
disease regulatory links.

CCS Concepts
• Applied computing→ Bioinformatics; Biological networks;
Computational genomics; • Computing methodologies →
Knowledge representation and reasoning; Machine learning
approaches.
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1 Introduction
Competing endogenous RNAs (ceRNAs) embody a wide range of
molecular regulatory relationships that play a critical role in disease
expression mechanisms [1, 2]. In such networks, microRNAs (miR-
NAs) can function as decoys by binding to multiple RNA transcripts,
while RNA molecules can act as ceRNAs by competitively bind-
ing to shared miRNAs, thereby collaboratively regulating disease
initiation and progression [3–5]. This interplay gives rise to intri-
cate and multilayered regulatory networks. Consequently, accurate
prediction of regulatory relationships within disease-associated
ceRNA networks offers a novel perspective for disease diagnosis
and treatment. However, due to the inherent heterogeneity of data
sources and the structural complexity of regulatory interactions,
ceRNA-based disease link prediction remains a significant challenge
in current biomedical research.

Early studies primarily relied on co-expression analysis or gene
function annotation [6, 7] to estimate interactions between gene
molecular. However, the resulting molecular interaction pairs were
typically inferred at a superficial level based on expression simi-
larity or functional description, lacking deeper insights into the
underlying mechanisms of molecular interactions. Recently, with
the advancement of graph neural networks (GNNs), researchers
have increasingly studied the integration of molecular regulatory
networks with graph-based models. In such frameworks, molecules
are treated as graph nodes and their interactions as edges. Thus,
the ceRNA regulatory link prediction task is reformulated as a
multi-task relational prediction problem over heterogeneous molec-
ular interaction graphs, enabling the effective learning of complex
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molecular representations. For instance, VGAELDA [8] in lncRNA-
disease link prediction task employs a graph autoencoder and varia-
tional inference to obtain efficient low-dimensional embeddings of
lncRNA nodes. In multi-link prediction tasks among lncRNAs, miR-
NAs and diseases, the GCLMTP [9] and MGATE [10] models have
achieved promising performance. These models respectively used
graph autoencoders and graph contrastive learning frameworks
to transform multi-link prediction tasks into multi-molecular fea-
ture learning, thereby effectively learning the representation of
multi-type nodes.

However, existing models typically rely on static structural en-
codings, making it difficult to dynamically capture the synergy
and specificity across multilayered ceRNA regulatory networks.
And they are highly sensitive to structural density bias and im-
balanced node distributions across different regulatory networks,
which hampers the effective learning of unified node representa-
tions for multi-link prediction tasks. To address these limitations,
we propose a Cross-space multiscale adaptive learning framework
(CSMSA) for accurate multi-task prediction of disease-associated
regulatory links based on competitive regulatory mechanisms of
ceRNA interactions. In summary, the main contributions of our
model are as follows:

• Constructed a heterogeneous five-layer ceRNA graph that in-
corporates inter-layer and intra-layer edges among lncRNAs,
circRNAs, miRNAs, mRNAs, and diseases, thereby providing a
unified view of regulatory associations across molecular layers.

• Proposed a graph-embedding learning framework based on a
cross-space adaptive mechanism, enabling the dynamic capture
of synergistic and specific representations among molecules
within the ceRNA regulatory network.

• Introduced a multiscale dynamic feature-fusion strategy that
optimally integrates local and global node information, thereby
improving predictive performance and robustness across datasets
of varying scales.

• Extracted unified node embeddings suited to multi-task predic-
tion of disease-regulatory links and validated their effectiveness
with multiple classifiers.

2 Related Work
Machine Learning-Based Link Prediction. Early traditional link
prediction models predominantly relied on node-level feature ex-
traction methods such as Singular Value Decomposition (SVD) [11]
and Laplacian Eigenmaps (LE) [12] to capture structural patterns
from biological networks, while employing traditional classifiers to
infer similarities between node pairs. These methods depend heav-
ily on manual feature extraction and are suitable for small-sample
learning tasks, yet they fail to effectively capture the structural
information of complex network.

Graph Autoencoder-Based Link Prediction. Autoencoder
architectures have been widely applied in multi-molecular network
modeling. Representative models such as GAERF [13], VGAELDA
[8], LDNFSGB [14], and VAEMDA [15] typically adopt graph au-
toencoders (GAE) or variational graph autoencoders (VGAE) to
extract node embedding representations. These methods exhibit ad-
vantages in handling data sparsity, but they still face challenges in

learning structural-semantic consistency and capturing regulatory-
specific.

Graph Contrastive Learning-Based Link Prediction. Con-
trastive learning has been introduced into the domain of graph
representation learning in recent years. For example, its represen-
tative model representative model GCLMTP [9] constructs positive
and negative sample pairs by perturbing the original graph struc-
ture and introduces an unsupervised contrastive objective to learn
discriminative embeddings, thereby enhancing the robustness to
complex regulatory patterns. However, these approaches predomi-
nantly focus on overall structural consistency, lacking the capacity
to identify the specific regulatory features, making it difficult to
achieve precise regulation link prediction in multi-space.

Graph Attention Mechanism-Based Link Prediction. Atten-
tion mechanisms have also been recently into disease link predic-
tion tasks. For example, MGATE [10] incorporates intra-graph and
inter-graph attention modules within a heterogeneous graph archi-
tecture to enhance node representation information. Nonetheless,
most existing attention-based methods are limited to single-space
graph encoding and lack the ability to dynamically fuse multi-space
information, which constrains their generalizability in multi-source
regulatory networks.

3 Method
3.1 Experimental datasets
In this study, we propose a unified feature learning framework
for multi-space molecular regulatory link prediction, enabling ef-
fective feature extraction for lncRNA, circRNA, miRNA, mRNA,
and disease nodes within complex ceRNA regulatory networks1
(Fig. 1A). To rigorously assess its effectiveness and generalizability,
we benchmark CSMSA on three independent public datasets.

Dataset 1 is derived from the LncACTdb v3.0 database, com-
prising 3,006 nodes and 15,217 experimentally validated molecular
interaction edges. Dataset 2 is constructed by integrating data from
multiple sources, including LncRNA2Target v2.0, Circ2Disease, miR-
TarBase v10.0, and cirbank, resulting in a total of 3,164 nodes and
111,867 regulatory edges. Dataset 3 incorporates large-scale data
from RNADisease v4.0 and NPInter v5.0, containing 4,739 nodes
and 224,412 regulatory interactions, thereby representing a more
complex ceRNA regulatory network.

3.2 Cross-space adaptive learning mechanisms
Motivated by the biological regulatory mechanisms underlying
ceRNA interactions, we propose a cross-space adaptive graph learn-
ing method that effectively captures unified node embedding repre-
sentations across multi-type regulatory networks. The core idea of
CSMSA mechanisms in constructing both Specific Attention and
Common Attention modules for the ceRNA network (Fig. 1B) to
achieve dynamic adaptive learning of the specific and synergistic
expression relationships in the multi-molecular regulatory network
driven by lncRNA and circRNA.

To capture the competitive regulatory relationships between
the two molecular regulatory spaces, we define two independent

1All resources for this work are available at https://github.com/JunqiLab/CSMSA.

https://github.com/JunqiLab/CSMSA
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(C) Predicting disease regulatory links based on multi-task association scores
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Figure 1: Overall framework for multimolecular disease link
prediction. (A) Construction of a five-layer heterogeneous
regulatory graph based on ceRNA molecules similarity and
correlation. (B) Extraction of unified node embeddings. (C)
Prediction of disease-associated regulatory links using the
optimized multimolecular classifier.

Specific Attention modules to learn space-specific embeddings, de-
noted as 𝑍𝑆𝐿 and 𝑍𝑆𝐶 , and introduce a specificity constraint L𝑆 to
maintain the independence of these two regulatory spaces. Simi-
larly, to efficiently learn the synergy between the two regulatory
spaces, we define a shared-parameter Common Attention module
to obtain the common embeddings 𝑍𝐶𝐿 and 𝑍𝐶𝐶 , and introduce a
consistency constraint L𝐶 to enhance their co-expression capacity.

Finally, the three space embedding vectors 𝑍𝑆𝐿 , 𝑍𝑆𝐶 and 𝑍𝐶 (the
average of 𝑍𝐶𝐿 and 𝑍𝐶𝐶 ) are adaptively dynamic fused using an
attention mechanism to generate the final embedding 𝑍 , which is
evaluated for its link discriminative ability by the inner calculation.
Specifically, the attention weights 𝛼𝑆𝐿 , 𝛼𝑆𝐶 and 𝛼𝐶 for each embed-
ding space 𝑠 ∈ {𝑆𝐿, 𝑆𝐶,𝐶} are computed as defined in Eq. (1), and
the final unified embedding 𝑍 is obtained through weighted dy-
namic fusion according to Eq. (2), where𝑊 is the learnable weight
matrix that projects embeddings into the attention space, 𝑏 is the
bias vector, and𝑞 is the shared attention query vector that generates
the attention scores for different embedding spaces.

𝛼𝑠 =
exp (𝑞⊤ · tanh(𝑊 · 𝑍𝑠 + 𝑏))∑

𝑠′∈S exp (𝑞⊤ · tanh(𝑊 · 𝑍𝑠′ + 𝑏))
(1)

𝑍 = 𝛼𝑆𝐿 · 𝑍𝑆𝐿 + 𝛼𝑆𝐶 · 𝑍𝑆𝐶 + 𝛼𝐶 · 𝑍𝐶 (2)

3.3 Multi-scale feature fusion strategy
To mitigate the alleviate the structural density bias and imbalanced
node distribution across different regulatory networks, the Specific
Attention and Common Attention modules further introduce a
dynamic multiscale feature attention fusion strategy (Fig. 2).

Global Graph Attention

Local Graph Attention 

Fusion Graph Attention

Figure 2: The multiscale dynamic feature fusion strategy:
global graph attention, local graph attention, and fusion
graph attention module.

This strategy employs a two-layer graph attention mechanism
[16] to hierarchically extract and fuse the potential complementary
information from both local structural features ℎ𝑙𝑜𝑐𝑗 and global
topological expressionℎ𝑔𝑙𝑜𝑏

𝑗
, thereby improving the discriminability

of node embeddings, enhancing the robustness and accuracy across
datasets of varying scales, with the ℓ + 1 layer output denoted as
Eq. (3), where 𝜎 is a nonlinear activation function, 𝛼 (𝑙 )

𝑖 𝑗
denotes the

attention coefficient that measures the contribution of neighbor 𝑗 to
node 𝑖 ,𝑊 (𝑙 ) is the learnable weight matrix that linearly projects the
concatenated local and global features, and 𝜔1 and 𝜔2 are learnable
scalar coefficients controlling the relative importance ofℎ (𝑙,𝑔𝑙𝑜𝑏 )

𝑗
and

ℎ
(𝑙,𝑙𝑜𝑐 )
𝑗

before linear transformation. The global features molecular
regulatory relationship of this strategy are captured through the
node2vec algorithm[17].

ℎ
(𝑙+1)
𝑖

= 𝜎
©­«
∑︁
𝑗∈N

𝛼
(𝑙 )
𝑖 𝑗

·𝑊 (𝑙 )
(
𝜔1 · ℎ (𝑙,𝑔𝑙𝑜𝑏 )𝑗

∥ 𝜔2 · ℎ (𝑙,𝑙𝑜𝑐 )𝑗

)ª®¬ (3)

3.4 Objective Function
To effectively learn regulatory specificity within each Specific At-
tention space, we introduce the Hilbert-Schmidt Independence Cri-
terion (HSIC) [18] and design a specificity constraintL𝑆 to quantify
the discrepancy between the embeddings of the lncRNA-specific
space (𝑍𝐶𝐿, 𝑍𝑆𝐿) and the circRNA-specific space (𝑍𝐶𝐶 , 𝑍𝑆𝐶 ). The
HSIC loss is computed as:
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HSIC(𝑍𝑐 , 𝑍𝑠 ) = (𝑛 − 1)−2 · tr(𝑅𝐾𝑐𝑅𝐾𝑠 ) (4)
Where 𝐾𝐶 and 𝐾𝑆 are Gram matrices defined as 𝐾 (𝑖, 𝑗) = 𝑍𝑖, 𝑍 𝑗

and 𝑅 = 𝐼 − 1
𝑛
𝑒𝑒𝑇 is the centering matrix with identity matrix 𝐼 and

𝑒 is the all-one column vector. The loss is then given by:

L𝑆 = HSIC(𝑍𝐶𝐿, 𝑍𝑆𝐿) + HSIC(𝑍𝐶𝐶 , 𝑍𝑆𝐶 ) (5)
Although a shared parametermatrix is used across both Common

Attention modules, we further impose a consistency constraint L𝐶

to enhance the co-expression ability of the unified embeddings. This
constraint is computed by comparing the normalized embeddings
from the two Common Attention modules as:

L𝐶 =


𝑍𝐶𝐿 · 𝑍⊤

𝐶𝐿 − 𝑍𝐶𝐶 · 𝑍⊤
𝐶𝐶



2
2 (6)

Additionally, we compute the inner product between node em-
beddings 𝑧𝑖 and 𝑧 𝑗 for each node pair (𝑖, 𝑗) from the final embed-
ding matrix 𝑍 ∈ R𝑛𝑥𝑑 to estimate the link probability, as defined in
Eq. (7), and the corresponding objective function is given in Eq. (8).

𝑌𝑖 𝑗 = 𝜎
(
z⊤𝑖 · z𝑗

)
(7)

L𝑌 = −
∑︁

(𝑖, 𝑗 ) ∈N
[𝑦𝑖 𝑗 log𝑌𝑖 𝑗 + (1 − 𝑦𝑖 𝑗 ) log(1 − 𝑌𝑖 𝑗 )] (8)

Finally, the overall optimization objective combines all three
loss is defined as Eq. (9), where 𝛾 and 𝛽 are hyperparameters that
control the strength of the consistency and specificity constraints,
respectively.

L = L𝑌 + 𝛾L𝐶 + 𝛽L𝑆 (9)

3.5 Multimolecular link prediction
To achieve accurate multimolecular regulatory link prediction, we
perform unified downstream multi-task training over all node pairs
(𝑢, 𝑣) ∈ 𝐹 using the embedding representations of the five node
types 𝑍𝑙 , 𝑍𝑐 , 𝑍𝑖 , 𝑍𝑚, 𝑍𝑑 ⊂ 𝑍 (Fig. 1C). In this study, we systemati-
cally evaluate the link prediction performance of seven classifiers
across different datasets, including Adaptive Boosting (Adaboost),
Extreme Gradient Boosting (XGBoost), Gradient Boosted Decision
Trees (GBDT), Light Gradient Boosting Machine (LightGBM), Mul-
tilayer Perceptron (MLP), Random Forest (RF), and Support Vector
Machine (SVM).

4 Experiments Results
4.1 Ablation Study
To validate the effectiveness of the multiscale feature dynamic fu-
sion module in the CSMSA framework, we conducted ablation
experiments on datasets of varying scales and compared the embed-
ding learning performance with and without this module (Table. 1).
The results demonstrate that incorporating this module can signifi-
cantly improve the link prediction performance of model across all
datasets. Notably, a more substantial performance gain is observed
on the small-scale Dataset 1, which contains fewer labeled samples.
These findings indicate that the module can effectively captures the
local structural information and global topological features across
different nodes types through dynamic fusion strategy, thereby

alleviating the problems of structural density deviation and imbal-
anced node distribution across different heterogeneous network,
and enhancing the overall representational capacity of the model.

To further assess the effectiveness of the proposed cross-space
adaptive learning mechanism, we compared the link prediction
performance of embeddings generated from each individual space
(Table. 1). The results show that the embeddings generated through
cross-space mechanism consistently achieved the best predictive
performance across all datasets, outperforming those generated
from any single space. Overall, the proposed mechanism can auto-
matically identify and integrate discriminative features from dif-
ferent molecular regulatory spaces, which helps to generate more
expressive and robust unified node embeddings for accurate multi-
molecule link prediction.

Table 1: Ablation verification for the CSMSA.

Dataset
Scale
Type

Multiscale Space
Type

Multispace

AUC AUPR AUC AUPR

Dataset 1
Multi 0.8826 0.8931 All 0.8826 0.8931

Single 0.8036 0.8439
Specific 0.8449 0.8296
Common 0.8503 0.8505

Dataset 2
Multi 0.8847 0.8490 All 0.8847 0.8490

Single 0.8534 0.8044
Specific 0.8780 0.8285
Common 0.8628 0.8274

Dataset 3
Multi 0.8876 0.8606 All 0.8876 0.8606

Single 0.8756 0.8058
Specific 0.8839 0.8181
Common 0.8776 0.7842

4.2 Performance evaluation of the CSMSA
unified embedding

Table 2: Performance comparison of classifiers and train
ratios on three datasets.

Metric Type
Dataset 1 Dataset 2 Dataset 3

AUC AUPR AUC AUPR AUC AUPR

Down
Stream

RF 0.9637 0.9664 0.9831 0.9775 0.9880 0.9829
XGBoost 0.9460 0.9541 0.9716 0.9517 0.9827 0.9744
LightGBM 0.9410 0.9455 0.9745 0.9663 0.9795 0.9731

MLP 0.9472 0.9473 0.9739 0.9653 0.9792 0.9723
SVM 0.9465 0.9463 0.9557 0.9191 0.9653 0.9462

Adaboost 0.8721 0.8916 0.9493 0.9376 0.9659 0.9564
GBDT 0.9156 0.9229 0.9685 0.9605 0.9757 0.9685

Train
Ratio

80% 0.9637 0.9664 0.9831 0.9775 0.9880 0.9829
60% 0.9387 0.9476 0.9797 0.9726 0.9847 0.9726
40% 0.9014 0.9176 0.9772 0.9693 0.9816 0.9693

We evaluated the performance of the CSMSA unified embedding
on three external datasets for multi-molecule prediction tasks. The
results show (Table. 2) that RF performed best on all datasets(dataset
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1: AUC = 0.9637, AUPR = 0.9664; dataset 2: AUC = 0.9831, AUPR =
0.9775; dataset 3: AUC = 0.9880, AUPR = 0.9829). In addition, we
also conducted robustness tests in different training scales, and the
results showed (Table. 2) that CSMSA maintained stable perfor-
mance on datasets 2 and 3, and only slightly decreased on dataset
1 (AUC > 0.9014, AUPR > 0.9176). This effectively confirmed the
feature representation and generalization capabilities of CSMSA
unified embedding.

4.3 Performance comparison with other
methods

To assess the advantage of CSMSA in multi-molecule ceRNA regula-
tory link prediction task, we compared it with seven representative
baseline models across three datasets (Table. 3 and Table. 4). The
results showed that CSMSA consistently outperformed all base-
line models and had lower computational complexity. In contrast,
CSMSA can jointly learn the synergy and specificity of multi-space
molecular regulation through cross-space adaptive learning and
multi-scale feature dynamic fusion strategy. However, SVD empha-
sizes global low-rank reconstruction while LE focuses on preserving
local neighborhoods, both lacking adaptability to heterogeneous
multi-space regulatorymodeling. AlthoughGAERF [13], VGAELDA
[8] and ARGA [19] emphasize structural consistency or topological
feature fusion, MGATE [10] and GCLMTP [9] introduce attention
mechanism or contrastive learning to improve representation abil-
ity, they are all limited to the learning framework of a single space,
and it is difficult to capture cross-space regulatory specificity.

Table 3: Performance comparison with baseline model.

Methods
Dataset 1 Dataset 2 Dataset 3

AUC AUPR AUC AUPR AUC AUPR

CSMSA 0.9637 0.9664 0.9831 0.9775 0.9880 0.9829
GCLMTP 0.9253 0.8833 0.9447 0.9079 0.9566 0.9573
MGATE 0.8984 0.8481 0.9397 0.8996 0.9470 0.9082
GAERF 0.9551 0.9229 0.9165 0.8720 0.8904 0.8341
VGAELDA 0.8058 0.8494 0.8639 0.8530 0.8986 0.8794
ARGA 0.8245 0.8561 0.8576 0.8408 0.8962 0.8733
SVD 0.9477 0.8722 0.9079 0.7952 0.8683 0.7197
LE 0.9481 0.8726 0.9088 0.7974 0.8704 0.7226

Table 4: Complexity comparison with baseline models.

Model Computational Complexity Time (s)

CSMSA 𝑂 (4 · 𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑) + |𝑉 | · 𝑑) 0.1726
GCLMTP 𝑂 (2 · 𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑) + |𝑉 | · 𝑑) 0.1690
MGATE 𝑂 (6 · 𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑) + |𝑉 | · 𝑑) 0.9171
GAERF 𝑂 (𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑)) 0.1634
VGAELDA 𝑂 (4 · 𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑)) 0.1542
ARGA 𝑂 (𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑)) 0.1521
LE 𝑂 ( |𝑉 | · 𝑘2 + |𝐸 | · 𝑘) 0.1511
SVD 𝑂 ( |𝑉 |3) 7.0850

4.4 Case Study
To further validate the reliability of the CSMSA framework, we con-
ducted a case study on breast cancer (DOID: 1612), which has the
highest incidence rate among women worldwide [20] in three inde-
pendent datasets. The primary objective was to identify potential
regulatory interactions among lncRNAs, circRNAs, miRNAs, and
mRNAs associated with the disease. We predicted the molecular
regulatory links of the top ten multi-omics candidate genes (Fig 3).
The results showed that all predicted genes were verified in relevant
public databases, and the inferred regulatory network was mediated
by 10 lncRNAs and 5 circRNAs, which acted together inmir-148 [21]
and mir-200 [22] to regulate the expression of IGF1R [23], ITGB1
[24], VEGFA [25] and FOXO3 [26] in cancer immunity, oncogenic
signaling, cell cycle and DNA repair pathway [27]. Notably, the
framework also correctly identified circRNA-specific regulatory
links involving NOTCH2 [28] and SOCS1 [29]. These results high-
light CSMSA’s strong capability to capture both synergistic and
specific regulatory patterns within complex multi-space ceRNA
networks, demonstrating its effectiveness and interpretability in
multi-molecular disease link prediction task.
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Figure 3: Regulatory links predicted for the top 10 candidate
genes associated with breast cancer.

5 Conclusion
We proposed a unified modeling framework CSMSA for multi-
molecule ceRNA regulatory network link prediction tasks. Through
cross-space adaptive learning mechanism and multi-scale feature
fusion strategy, dynamic attention learning is performed on specific
space and common space features driven by lncRNA and circRNA
to effectively learn the complementarity and specificity between
different regulatory networks. Many experimental results show
that CSMSA exhibits optimal performance and generalization abil-
ity in multi-task regulatory link prediction, especially in the face
of small samples and complex networks with strong structural
heterogeneity.
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In addition, we further evaluated the practical deployment capa-
bilities of the CSMSA framework. The total computational complex-
ity is O(4 · 𝐿 · ( |𝑉 | · 𝑑2 + |𝐸 | · 𝑑) + |𝑉 | · 𝑑), with an average training
time of approximately 0.17 seconds per epoch on the largest dataset
(Dataset 3). In practical scenarios, since biological regulatory net-
works are typically sparse graphs (|𝐸 | ≪ |𝑉 |2) and the feature
dimension 𝑑 is relatively small, the model framework demonstrates
strong scalability and computational efficiency. Therefore, it is well-
suited for large-scale biological network analysis predictions tasks.

Although CSMSA demonstrates strong performance in multi-
space molecular regulatory link prediction, several limitations re-
main. The current framework relies heavily on existing molecular
interactions, which may reduce its adaptability to emerging molecu-
lar types. Furthermore, the model has not yet incorporate temporal
dynamics or tissue-specific expression patterns, which may limit
its applicability in modeling time-dependent disease progression.
Future work can further enhance the biological interpretability
and clinical applicability of the model by expanding more complex
pathological regulatory space structures and introducing patient
genetic phenotypic characteristics, providing more precise and
comprehensive insights into disease mechanisms and therapeutic
strategies.
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