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A B S T R A C T

New drug discovery has always been a costly, time-consuming process with a high failure rate. Repurposing
existing drugs offers a valuable alternative and reduces the risks associated with developing new drugs. Various
experimental methods have been employed to facilitate drug repositioning; however, associations prediction
between drugs and diseases through biological experiments is both expensive and time-consuming. Conse-
quently, it is imperative to develop efficient and highly precise computational methods for predicting these
associations. Based on this, we propose a drug–disease associations prediction method based on 𝐇yperbolic
𝐌ultivariate feature 𝐋earning in 𝐇igh-order 𝐇eterogeneous Networks for Drug–Disease Prediction, called
H3ML. Our approach begins by mining high-order information from protein–disease and drug–protein networks
to construct high-order heterogeneous networks. Subsequently, we employ multivariate feature learning to
create hyperbolic representations, and then enhance the features of the heterogeneous network. Finally, we
utilize a hyperbolic graph attention network in the hyperbolic space to aggregate neighbor information and
perform the final prediction task. In addition, we evaluate the performance of H3ML by comparing it with
some state-of-the-art methods across different datasets. The case study further validate the effectiveness of
H3ML. Our implementation will be publicly available at: https://github.com/jianruichen/H-3ML.
1. Introduction

Bringing a new drug to the market, from the initial stage of drug
exploration to the final approval and marketing, is an extremely time-
consuming, highly standardized, and expensive process [1,2]. Typi-
cally, new drug development may span 10 − 17 years with a success
rate of less than 10%. In stark contrast, drug repositioning—the identi-
fication of new therapeutic uses for existing drugs—generally requires
only 3 − 12 years, and significantly mitigates uncertainties related to
safety [3]. Additionally, this strategy reduces research and develop-
ment expenditures and shortens the overall timeline. Consequently,
drug repositioning has become a pivotal strategy for identifying new
applications for drugs that are either already approved or are currently
under investigation [4,5].

Drug repositioning historically relied on serendipitous discoveries,
such as the use of thalidomide for treating nodular erythematous
leprosy and multiple myeloma [6]. However, with the exponential
growth in biomedical data [7,8], extracting meaningful insights from
these vast datasets to facilitate drug repositioning has become a critical
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challenge. Later, the advent of Coronavirus disease 2019 (COVID-19)
further underscores the importance of this approach, which makes
drug repositioning a primary strategy in combating COVID-19. Drugs
like 𝐶 ℎ𝑙 𝑜𝑟𝑜𝑞 𝑢𝑖𝑛𝑒𝑝ℎ𝑜𝑠𝑝ℎ𝑎𝑡𝑒 and 𝐹 𝑎𝑣𝑖𝑝𝑖𝑟𝑎𝑣𝑖𝑟 demonstrate anti-COVID-
19 properties, which prompts rapid clinical studies [9,10]. In recent
years, various drug repositioning methods have emerged, which dis-
cover novel drug–disease associations by utilizing biomedical data [11–
13]. These methods can be roughly divided into matrix factorization
methods [14–17], deep learning approaches [18–21], and others [22–
24].

The matrix decomposition methods play a crucial role in han-
dling the noisy, high-dimensional, and sparse nature of drug–disease
datasets by completing missing data through hidden factors that de-
compose the matrix into two low-rank matrices [14]. Afterwards, the
drug–disease association adjacency matrix is completed by employing
weighted K-nearest neighbors to reveal the unknown associations be-
tween them [15]. To further improve the information between nodes,
multiple similarity matrices are integrated and decomposed into drug
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feature matrices and disease feature matrices, which further identify
he promising drug related indications [16] . However, these methods
ely on biological or chemical features to calculate similarities, which
ay not always be available. In such cases, only known drug–protein,
isease–protein, and drug–disease interactions are applied to predict
otential drug–disease associations [17]. Despite achieving good pre-

diction results, the introduction of hidden factors in matrix decompo-
sition methods complicates the interpretation of specific features.

Deep learning methods have significantly advanced the field of
rug–disease association prediction [18,19]. Drug and disease features
re separately, decomposed into matrices, and applied to predict the

associations between drugs and diseases [20]. Metabolites and dis-
eases features are learned through graph convolutional neural networks
GCNs), and combines multiple convolutional layers with graph at-

tention layers [21]. However, if only the correlation between two
nodes is considered, the correlations are relatively sparse. Therefore,
third-party node proteins are introduced and various information is
integrated from nine heterogeneous networks for drug reuse [25].
Recently, multiple attention mechanisms are integrated to learn node
representations of heterogeneous networks and topological sub-nets
to model relations between drugs and diseases [26]. However, the
above methods do not take into account the non-Euclidean properties
of biomedical network data. To overcome this limitation, geometric
deep learning on heterogeneous information networks is used to predict
drug–disease associations [27].

Numerous methods embed biological information into Euclidean
pace, but research has shown that biological information systems

exhibit a tree-like structure [28]. Therefore, embedding biological sys-
ems into Euclidean space distorts the distance between biological ob-
ects. On the contrary, the negative curvature of the hyperbolic space is
ore effective in representing hierarchical relations, such as tree struc-

ures, which makes the exponential growth in the number of network
eatures perform well. Later, the feature representation of hyperbolic
atent spaces is introduced into the matrix decomposition framework
nd applies it to drug target association prediction methods [29].

Recently, intermediate nodes are introduced to calculate the similarity
of nodes based on Lorentz distance in hyperbolic representation, and
then infer new targets for drug–disease relations [30].

In general, binary relations are used to describe the connections
etween nodes. However, the relations between drugs and diseases
re not strictly binary; i.e., a single disease may be linked to multiple

drugs, and conversely a drug can correspond to numerous diseases.
onsequently, utilizing high-order graphs to represent complex adja-

cency relations can enhance the precision in predicting drug–disease
associations. The impact of different orders between nodes in the
network is reflected by considering embeddings from multiple convo-
lutional layers [31]. In contrast, drug–disease hypergraph network is
devised to aggregate high-order information, and ultimately predict the
associations between drugs and diseases [32]. For feature extraction,
Graph Neural Networks iteratively refine the representation of nodes.
imilarly, in the realm of evolutionary dynamics, node features un-
ergo updates. The update process in evolutionary dynamics not only
ccounts for the influence of neighboring nodes but also considers the
ode’s inherent impact. Human immunodeficiency virus infection pro-
ess is modeled as a dynamic process using differential equations which
nhance the immune system’s response through drug scheduling [33].

Mathematical modeling further delves into the intricacies of infectious
disease dynamics and reveals its transmission mechanisms, which in-
form the development of novel prevention and control strategies for
public health policies at national and international levels [34]. The
esearch objects of these two methods are dynamically changing over
ime, and their evolution process is modeled by dynamics. Currently,
any drug–disease association prediction methods only consider binary

ssociations between drugs and diseases. However, these binary associ-
tions have become increasingly sparse as biological data continues to

row, which degrades the prediction performance. Additionally, many t
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ternary association prediction methods not only take into account the
ssociations between heterogeneous nodes but also consider the simi-

larity between homogeneous nodes. The measurement of similarity may
be influenced by noise and local features, and the computation of simi-
larity increases the complexity of calculations. Inspired by [33,34], we
adopt an analogous iterative approach to learn feature representations
of drugs and diseases, exclusively considering correlations between het-
erogeneous nodes. Given the hierarchical structure of the drug–disease
network, we harness the geometric properties of hyperbolic space to
thoroughly investigate both the neighbors and structural attributes of
nodes within this network.

In this work, we propose a new framework, namely H3ML, to the
rug–disease prediction task by constructing a high-order heteroge-
eous network and designing hyperbolic multivariate feature learning
ethod. The main contributions of this article are as follows.

• High-order heterogeneous networks. We construct first-order
and third-order heterogeneous networks by leveraging the high-
order information inherent in protein–disease, disease–drug, and
protein–drug networks, respectively. Subsequently, the first-order
information is used as a hyperbolic high-order information and
mapped to a hyperbolic space. This process facilitates the inte-
gration of third-order heterogeneous networks into an augmented
multivariate feature learning framework.

• Hyperbolic information diffusion. We enhance a multivariate
feature learning approach specifically tailored hyperbolic space.
Hyperbolic multivariate feature learning strategically positions
highly similar direct neighbors closer together while dissimilar
direct neighbors further apart. Concurrently, we augment the
feature enhancement process by incorporating third-order neigh-
bor considerations for each node, which enriches the contextual
information for more precise analyses.

• Hyperbolic aggregations. We merge the acquired first-order
information with the enhanced hyperbolic multivariate feature
data to create a comprehensive final feature embedding. Sub-
sequently, we execute neighborhood information aggregation of
attention nodes within the hyperbolic graph directly in this hyper-
bolic space. This approach ensures that our model leverages both
the refined feature representations and the intricate relational
structures preserved in the hyperbolic geometry.

2. Material and methods

In this paper, we propose a hyperbolic multivariate feature learning
n high-order heterogeneous networks for drug–disease prediction. The
ethod is organized as follows. Section 2.1 gives the problem descrip-

tion considered in the article. Then, Section 2.2 describes the process
f network construction. Section 2.3 shows the hyperbolic multivari-

ate feature learning. Then, Section 2.4 gives information aggregation
process with hyperbolic geometry. Finally, the model architecture and
training is described in Section 2.5. The main notations are shown in
Table 1.

2.1. Problem description

In this article, we consider the following surroundings. There are
hree types of individuals: drugs, proteins, and diseases, as well as thre types

of associations: drug–disease, drug–protein, and protein–disease. Suppose
there are 𝑚 drugs, 𝑛 diseases, and 𝑓 proteins, and our task is to predict
possible associations between drugs and diseases.

It is evident that the associations between drugs and diseases are
ecoming increasingly sparse. To address this issue of data sparsity, we
elve into the exploration of high-order relations in drug–protein and
rotein–disease networks. Currently, numerous existing methodologies
redominantly concentrate on the direct neighbors of nodes, and assess
he influence of these neighbors based solely on their interconnected
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 1
Notations and explanations.

Notations Explanations

𝐾1 , 𝐾2 , 𝐾3 coupling coefficients for pair-wise nodes
𝑋𝐻

𝑖∶ vector of node 𝑖 in hyperbolic space
𝑋𝐸

𝑖∶ vector of node 𝑖 in Euclidean space
𝑐 𝑐 > 0, the curvature of hyperbolic space
𝑚 the number of drugs
𝑓 the number of proteins
𝑛 the number of diseases
⊕𝑐 the Möbius addition
⊗𝑐 the Möbius multiplication

feature values. However, these methods fall short by overlooking the
lobal network architecture and neglecting the intricate high-order
nteractions that exist among nodes. It is observed that nodes exhibiting
nalogous connectivity patterns within a network may share similar
unctionalities, regardless of physical distance between them. Our strat-

egy involves constructing a comprehensive network framework that
incorporates high-order information encompassing diseases, proteins,
and drugs. This holistic perspective aims to capture the nuanced inter-
dependencies and enrich the understanding of the underlying biological

echanisms, thereby enhancing predictive accuracy in drug–disease
ssociation studies.

2.2. Network construction

In the drug–disease network, the interactions between nodes are
omplex and diverse. By introducing high-order information, the rela-
ionships between nodes can be reflected more realistically and com-
rehensively. At the same time, as the number of nodes continues to
ncrease, high-order interactions can also help alleviate the problem
f sparse binary relationships. Therefore, it is crucial to mine high-
rder relationships in drug–disease networks. Firstly, we delve into
he exploration of first-order and third-order information in drug–
rotein and disease–protein networks. Subsequently, we construct ma-
rices representing first-order and third-order information for the drug–
isease, drug–protein, and disease–protein networks respectively. The
our datasets applied in this article are all sourced from prior re-
earch [27,31]. The details of these four datasets are presented in

Table 2. 𝑈 represents drugs, 𝐷 represents diseases, 𝑅 represents pro-
eins, 𝐼 represents Microbes, 𝐸 represents Metabolites, and Density

represents the sparsity of the dataset.
Generally, if two nodes have similar connection forms, they are

regarded as the related connection. As shown in Fig. 1. Drugs 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒,
𝑃 ℎ𝑒𝑛𝑡𝑒𝑟𝑚𝑖𝑛𝑒, 𝑅𝑎𝑙 𝑡𝑖𝑡𝑟𝑒𝑥𝑒𝑑, and proteins 𝐶 ℎ𝑅𝑀3 (𝑀 𝑢𝑠𝑐 𝑎𝑟𝑖𝑛𝑖𝑐 , 𝑎𝑐 𝑒𝑡𝑦𝑙 𝑐 ℎ𝑜
𝑙 𝑖𝑛𝑒, 𝑟𝑒𝑐 𝑒𝑝𝑡𝑜𝑟, 𝑀3), 𝐷 𝑂 𝑅 − 1 (𝐷 𝑒𝑙 𝑡𝑎 − 𝑡𝑦𝑝𝑒 𝑜𝑝𝑖𝑜𝑖𝑑 𝑟𝑒𝑐 𝑒𝑝𝑡𝑜𝑟) form a drug–
rotein network. The first-order neighbor of 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒 is 𝐶 ℎ𝑅𝑀3, the
irst-order neighbors of 𝐶 ℎ𝑅𝑀3 are 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒 and 𝑃 ℎ𝑒𝑛𝑡𝑒𝑟𝑚𝑖𝑛𝑒. We refer
o 𝑃 ℎ𝑒𝑛𝑡𝑒𝑟𝑚𝑖𝑛𝑒 as the second-order neighbor of 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒. The first-order
eighbors of 𝑃 ℎ𝑒𝑛𝑡𝑒𝑟𝑚𝑖𝑛𝑒 include 𝐶 ℎ𝑅𝑀3 and 𝐷 𝑂 𝑅− 1, and we refer to
 𝑂 𝑅 − 1 as the third-order neighbor of 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒, and regard 𝑁 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒
nd 𝐷 𝑂 𝑅 − 1 are connected. Similarly, the fourth-order neighbor of
 𝑖𝑐 𝑜𝑡𝑖𝑛𝑒 is 𝑅𝑎𝑙 𝑡𝑖𝑡𝑟𝑒𝑥𝑒𝑑. Since we are searching for associations between

heterogeneous nodes, in this article, we focus exclusively the first-order
nd third-order neighbors of the nodes. The rationale behind this choice
tems from the rarity of fifth-order neighbors in the dataset at hand,
oupled with the prohibitive computational expenses associated with

their inclusion. Consequently, here we do not consider the fifth-order
neighbors of nodes. A similar scenario is observed in the protein-drug
interaction network. Therefore, we construct first-order and third-order
information matrix 𝐾1𝐸

𝑚×𝑓 , 𝑍1𝐸
𝑓×𝑛, 𝐾3𝐸

𝑚×𝑓 , 𝑍3𝐸
𝑓×𝑛 based on the original

atrices 𝐾𝐸
𝑚×𝑓 , and 𝑍𝐸

𝑓×𝑛. Here, 𝐾1𝐸
𝑚×𝑓 , 𝑍1𝐸

𝑓×𝑛, 𝐾3𝐸
𝑚×𝑓 , 𝑍3𝐸

𝑓×𝑛 are all 0-1
atrix. And 𝑚 is the number of drug, 𝑛 is the number of disease, 𝑓 is

he number of protein.
 b
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Subsequently, we merge the high-order information matrix between
rugs and proteins (i.e., 𝐾1𝐸

𝑚×𝑓 , 𝐾3𝐸
𝑚×𝑓 ), the matrix between proteins and

iseases (i.e., 𝑍1𝐸
𝑓×𝑛, 𝑍

3𝐸
𝑓×𝑛), and the matrix between drugs and diseases

𝑖.𝑒., 𝑋1𝐸
𝑚×𝑛) by Eqs. (1)–(2).

𝑋1𝐸 = (𝐾1𝐸
𝑚×𝑓 ×𝑍1𝐸

𝑓×𝑛)◦𝑋
1𝐸
𝑚×𝑛, (1)

𝑋3𝐸 = (𝐾3𝐸
𝑚×𝑓 ×𝑍3𝐸

𝑓×𝑛)◦𝑋
1𝐸
𝑚×𝑛, (2)

where ‘×’ represents matrix multiplication, and ‘◦’ represents matrix
corresponding element multiplication. Finally, the obtained 𝑋1𝐸 and

3𝐸 represent first-order information and third-order information, re-
pectively.

2.3. Hyperbolic multivariate feature learning

After obtaining Euclidean features with high-order information, we
employ multivariate feature learning in hyperbolic space for subse-
quent feature processing. Compared to Euclidean space, hyperbolic
space has negative curvature, which accommodates more nodes and
connections in a smaller space. In hyperbolic space, the distance be-
tween nodes effectively reflect their hierarchical relations. Closer nodes
means they have similar biological features or functions, while far-
ther nodes means they have different features. For drug–disease net-
works, hyperbolic space better represent the connectivity between
nodes, which improves the robustness and accuracy of the model.
High-order evolutionary dynamics is the identification of key disease
nodes in a network based on the influence of neighboring nodes and
high-order neighboring nodes on the node. Hyperbolic evolutionary
ynamics captures the structure and relations in drug–disease networks

by utilizing unique features and measurement methods in hyperbolic
pace, and then uses high-order evolutionary dynamics to identify key
isease nodes in the drug–disease network for subsequent drug–disease
rediction. The hyperbolic space is shown in Fig. 2.

Specifically, the sum of two points in Euclidean space is achieved
y adding their coordinates, and the result remains in Euclidean space.
ifferently, the sum of two points in Möbius addition involves their
ositions and angles on the unit circle, which is shown in Eq. (3). For

any 𝑢, 𝑣 ∈ 𝐻𝑐 , the Möbius addition [35] ⊕𝑐 between u and v is defined
as:

𝑢 ⊕𝑐 𝑣 ∶=
(1 + 2⟨𝑢, 𝑣⟩ + ‖𝑣‖2)𝑢 + (1 − ‖𝑢‖2)𝑣

1 + 2⟨𝑢, 𝑣⟩ + ‖𝑢‖2‖𝑣‖2
, (3)

where ⟨𝑢, 𝑣⟩ is Euclidean inner product of 𝑢 and 𝑣, 𝐻𝑐 represents
a hyperbolic space with curvature 𝑐. Biological data usually is high
imensional and relations between nodes are complex and sparse. Due

to the negative curvature, hyperbolic space maintains good distance
measurement of sparse data. To better capture the features of com-
plex relations, we perform all the operations of the dynamics on the
yperbolic space.

Then, we project the features of high-order information into hy-
erbolic space. The features of node 𝑖 are exponentially mapped to
yperbolic space [36] by using Eqs. (3)–(5):

𝑋𝐻
𝑖∶ = exp𝑐 (𝑋𝐸

𝑖∶), 𝑋3𝐻
𝑖∶ = exp𝑐 (𝑋3𝐸

𝑖∶ ). (4)

Here, 𝑋𝐸
𝑖∶ and 𝑋𝐻

𝑖∶ represent features of node 𝑖 in Euclidean and
hyperbolic spaces, respectively. 𝑋𝐸

𝑖∶ is obtained through training. 𝑋3𝐸
𝑖∶

represents the third-order information of node 𝑖 in Euclidean space
nd 𝑋3𝐻

𝑖∶ represents the third-order information of node 𝑖 in hyperbolic
pace.

Based on the obtained features of nodes in hyperbolic space, we
apply multivariate feature learning to enhance the feature that exists
in hyperbolic space. The main purpose of multivariate feature learning
nformation augmentation is to enhance the inter-connection strength
etween nodes by adjusting the degree of similarity between nodes.
egarding a particular node, as the associative strength with its neigh-

ors greater than a given threshold (set the threshold to 0), we regard

ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 1. High-order structural information. Taking drug-protein interaction as an example, first and third-order neighbors of the drug are the protein, while the second and
fourth-order neighbors are the drugs.
Fig. 2. An illustration of space transformation, exponential mapping 𝑒𝑥𝑝𝑐 (⋅) from
tangent space 𝑇𝑥𝑀 to hyperbolic manifold 𝑀 . The opposite is logarithmic mapping
𝑙 𝑜𝑔𝑐 (⋅).

that the node exhibits relatively high similarity to its neighbors. In the
dataset, the correlation between nodes is either 1 or 0. If the correlation
strength between nodes is 1, we believe that these two nodes have
high similarity. Multivariate feature learning integrates considerations
of both the nodes’ intrinsic influence and marginal external influence
in hyperbolic space to incrementally adjust the features between them.
And then, the multivariate feature learning information augmentation
equation is defined in Eqs. (5)–(7):

𝑦(𝑖+1)𝑗 = 𝛼 𝑦𝑖𝑗 − 𝛽 𝑦2𝑖𝑗
⏟⏞⏞⏞⏟⏞⏞⏞⏟

1⃝

+𝐾1
∑

𝑠1∈𝐼1

sin(𝑥𝐻𝑖𝑠1◦(𝑦𝑖𝑠1 − 𝑦𝑖𝑗 ))

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
2⃝

+𝐾2
∑

𝑠2∈𝐼2

sin(𝑥𝐻𝑖𝑠2◦(𝑦𝑖𝑠2 − 𝑦𝑖𝑗 ))

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
3⃝

+𝐾3
∑

𝑠3∈𝐼3

sin(𝑥3𝐻𝑖𝑠3 ◦(𝑦𝑖𝑠3 − 𝑦𝑖𝑗 ))

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
4⃝

, (5)

𝐾1, 𝐾2, 𝐾3 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑌 , 𝐼1, 𝐼2, 𝐼3), (6)

⎧

⎪

⎨

⎪

⎩

𝐼1 = {𝑡|𝑥𝐻𝑡 ≥ 0},
𝐼2 = {𝑡|𝑥𝐻𝑡 < 0},
𝐼3 = {𝑡|𝑥3𝐻𝑡 > 0}.

(7)

Here, 1 ≤ 𝑡 ≤ 𝑚, and 𝐼1, 𝐼2, 𝐼3 are the sets of indicators corresponding
to nodes as the features meet the conditions at the 𝑡th step. 𝑠1, 𝑠2, 𝑠3
are the indexes in the sets and 𝑠 = {𝑠1, 𝑠2, 𝑠3}. 𝐾1, 𝐾2, 𝐾3 are coupling
coefficients with assigned weights. (𝑓◦𝑔)⊗𝑐 = 𝑓⊗𝑐◦𝑔⊗𝑐 is a desirable
operation in hyperbolic spaces as 𝑐 → 0. 𝑦𝑖𝑗 represents the initial feature
of drug 𝑖 and disease 𝑗. The initial feature of drug 𝑖 is randomly selected
from [0, 𝜋2 ]. Next, we will further describe the role of each part of the
above formula in detail.

(i) Part 1⃝ represents the contribution of the node itself at the 𝑡th
step controlled by the parameters 𝛼, and 𝛽 = 1 − 𝛼. According to this
part, we know that the contribution of the node itself to the next step
gradually decreases at this step, but do not completely disappear. For
drug–disease feature enhancement, the features of drug 𝑖 at the next
step are not only derived from the features of drug 𝑖 itself at the 𝑡th
step, but also from the features of neighboring nodes of drug 𝑖 at the
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𝑡th step.
(ii) Part 2⃝ represents the impact of the current node feature con-

trolled by the coupling coefficient 𝐾1. The feature of node 𝑖 in the next
step is controlled by other nodes with an association strength 𝑥𝐻𝑡 ≥ 0.
For drug–disease relations, the association strength with greater than 0,
means they have a high similarity, and the association strength will be
increased by this part, which further improves the similarity between
them.

(iii) Part 3⃝ represents the impact of the current node feature
controlled by the coupling coefficient 𝐾2. The association strength
with 𝑥𝐻𝑡 < 0, which indicates a low similarity between them. This
part reduces the association strength between those nodes with lower
similarity.

(iv) Part 4⃝ represents the influence of high-order neighbors of
nodes, controlled by the coupling coefficient 𝐾3. Here, we select the
third-order neighbors of the node. As the association strength between
a node and its third-order neighbors is greater than a threshold, we
increase their correlation strength.

Parts 2⃝, 3⃝, 4⃝ calculate the external feedback of a node relative
to node 𝑖 as the connection strength meets the conditions, so 𝑦𝑖𝑠 − 𝑦𝑖𝑗
makes the initial feature of node 𝑖 equal to 0 at the 𝑡th step.

The initial values of the feature are randomly generated, and the
subsequent features are related to the previous step and the subsequent
step. In other words, the feature of the drug is processed iteratively,
and the feature of the next step depends on the internal and external
marginal benefits of the previous step. The number of steps is consistent
with the size of the dataset to learn the contributions of itself and
its neighbors. We regard the strength and the association between
drugs and diseases as features between drugs and diseases. The final
multivariate feature learning information is:

𝑌 =

⎛

⎜

⎜

⎜

⎜

⎜

⎜

⎜

⎜

⎝

𝑦11 ⋯ 𝑦1𝑛
𝑦21 ⋯ 𝑦2𝑛
⋮ ⋮ ⋮
𝑦𝑡1 ⋯ 𝑦𝑡𝑛

𝑦(𝑡+1)1 ⋯ 𝑦(𝑡+1)𝑛
⋮ ⋮ ⋮
𝑦𝑚1 ⋯ 𝑦𝑚𝑛

⎞

⎟

⎟

⎟

⎟

⎟

⎟

⎟

⎟

⎠𝑚×𝑛

,

where 𝑚 is the number of drug, and 𝑛 is the number of disease.

2.4. Prediction mechanism

Here, we combine the obtained hyperbolic multivariate feature
information with high-order information, and perform information ag-
gregation for prediction tasks in hyperbolic space. Since the high-order
information 𝑋1𝐸

𝑖∶ is located in Euclidean space, it is first mapped to
hyperbolic space, as shown in Eq. (8):

𝑋1𝐻
𝑖∶ = exp𝑐 (𝑋1𝐸

𝑖∶ ). (8)

After that, it is merged with the multivariate feature information 𝑌 to
obtain the final feature vector 𝑋𝐻

𝑖∶ :
𝑋𝐻
𝑖∶ = 𝑋1𝐻

𝑖∶ ⊕𝑐 𝑌 . (9)

ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
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Subsequently, we utilize the hyperbolic graph attention mechanism
HGAT) to perform further hyperbolic aggregation. Given that biologi-
al information approximates a power law distribution, and hyperbolic
ttention networks captures the complexity of hierarchical and power-
aw structured data. Therefor, we employ HGAT to achieve aggregation
nd prediction tasks [37].

We utilize the hyperbolic distance to inscribe the degree of im-
ortance of the neighboring node 𝑗 for node 𝑖. Since the hyperbolic
istance is different from the inner product in Euclidean space and the
yperbolic distance satisfies the triangle inequality, HGAT maintains
he transitivity between nodes as well as its own properties [38].

𝛼𝑖𝑗 = −𝑑𝑐 (𝑥𝑖, 𝑥𝑗 ) = −2𝑡𝑎𝑛ℎ−1(‖𝑥𝑖 ⊕𝑐 𝑥𝑗‖), (10)

where 𝛼𝑖𝑗 is the attention coefficient, and indicates the importance of
ode 𝑗 to node 𝑖. Considering the similarity between node 𝑖, 𝑗 is larger,

the attention coefficient is also larger. Hyperbolic distance is employed
to measure the similarity between them.

Next, we apply logarithmic mapping and Möbius multiplication to
chieve hyperbolic aggregation. For the convenience of calculation

and subsequent data comparison, the attention coefficients are first
normalized:

𝑤𝑖𝑗 =
exp𝑐 (𝛼𝑖𝑗 )

∑

𝑙∈𝑁𝑖
exp𝑐 (𝛼𝑖𝑙)

. (11)

Here, 𝑁𝑖 represents the set of neighbors of node 𝑖. Then, 𝑤𝑖𝑗 is uti-
lized to calculate the linear combination of potential representations
of all neighboring nodes of node 𝑖. Therefore, the final aggregation
representation 𝑝𝑖 for node 𝑖 is as follows:

𝑝𝑖 = exp𝑐 (
∑

𝑗∈𝑁𝑖

(log𝑐 (𝑤𝑖𝑗 ⊗
𝑐 𝑋𝐻

𝑖𝑗 ))). (12)

⊗𝑐 is the Möbius multiplication and log 𝑐 is the logarithmic map. For
any 𝑢, 𝑣 ∈ 𝐻𝑐 , Möbius multiplication is defined as [35]:

𝑢 ⊗ 𝑣 ∶= 𝑡𝑎𝑛ℎ(𝑢 ⋅ 𝑡𝑎𝑛ℎ−1(‖𝑣‖)) 𝑣
‖𝑣‖

. (13)

Given the features of a node within the in hyperbolic space 𝑋𝐻
𝑖∶ , the

ogarithmic map is [35]:

log 𝑐 (𝑋𝐻
𝑖∶ ) ∶= ar ct an(‖𝑋𝐻

𝑖∶ ‖)
𝑋𝐻

𝑖∶

‖𝑋𝐻
𝑖∶ ‖

. (14)

Finally, we predict new drug–disease correlations based on the
eature embeddings (i.e., 𝑃 = (𝑝1,… , 𝑝𝑖,… , 𝑝𝑛)) obtained by Eqs. (11)–

(14). The predicted score 𝑅 between them can be calculated as:

𝑅 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑃 ). (15)

2.5. Model architecture and training

In drug reuse issues, hyperbolic features are used to maximize the
probability of existing connected drug–disease and minimize the proba-
bility of unconnected drug–disease pairs. The loss function formula 𝐿𝐻
s [39]:

𝐿𝐻 =
∑

𝑒𝑖𝑗

−𝑙 𝑜𝑔(𝑃 (𝑥𝐻𝑖 , 𝑥𝐻𝑗 )) −
∑

𝑒′𝑖𝑗

(1 − 𝑙 𝑜𝑔(𝑃 (𝑥𝐻𝑖 , 𝑥𝐻𝑗 ))). (16)

Here 𝑒𝑖𝑗 represents the presence of edges between nodes 𝑖 and 𝑗, and
𝑒′𝑖𝑗 represents the absence of edges between nodes 𝑖 and 𝑗. In order to
effectively calculate the loss, we take the same number of negative and
positive edges for calculation, i.e, ‖𝑒𝑖𝑗‖ = ‖𝑒′𝑖𝑗‖.

Here, 𝑄(𝑥𝑖, 𝑥𝑗 ) is inferred from the Fermi-Dirac function [40] which
is formulated as:

𝑄(𝑥𝐻𝑖 , 𝑥𝐻𝑗 ) ∶= [𝑒𝑥𝑝(𝑑𝐻 (𝑥𝐻𝑖 , 𝑥𝐻𝑗 ) − 𝑟∕𝑠)]−1,

where 𝑑𝐻 is the distance of two points 𝑢, 𝑣 ∈ 𝐻𝑐 :

𝑑𝐻 (𝑢, 𝑣) = 2𝑎𝑟𝑐 𝑡𝑎𝑛ℎ(√𝑐‖ − 𝑢 ⊕𝑐 𝑣)‖
√

𝑐
.

The framework of H3ML is illustrated in Fig. 3.
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Table 2
Properties of datasets.

Network properties Datasets

B-dataset L-dataset M-dataset F-dataset

# 𝑈 (𝐼) 269 708 948 593
# 𝐷 598 5,603 56 404
# 𝑅(𝐸) 1,223 1,512 2,510 2,785
# 𝑈 (𝐼) −𝐷 18,416 199,214 872 1,933
# 𝑅(𝐸) −𝐷 25,087 1,596,745 2,878 71,840
# 𝑈 − 𝑅(𝐼 − 𝐸) 11,107 1,923 152,545 3,243

Density 0.1144 0.0502 0.0164 0.0081

3. Experiments and results

In this section, we provide a detailed description of the datasets,
evaluation metrics, and experimental results.

3.1. Datasets and evaluation metrics

We adopt four datasets to evaluate the performance of H3ML, i.e., B-
ataset [41–43], F-dataset [44], L-dataset [45], and M-dataset [46].

These four datasets are all from previous studies without any prepro-
cess. The first three datasets contain three kinds of biological networks,
including drug–disease, drug–protein and protein–disease association
networks. The L-dataset exhibits the highest density of drug–disease
associations among the three datasets, whereas the F-dataset is con-
siderably sparser compared to the other two datasets. In addition,
to further demonstrate the generalization ability of H3ML, we evalu-
ate the performance on the M-dataset. The M-dataset contains three
distinct networks, namely microbe–disease, microbe–metabolite and
metabolite–disease associations network, respectively. Many studies
have shown that microorganisms can reveal the pathogenesis of dis-
ases, promote the development of related drugs, and be used for

disease diagnosis and prognosis [47]. The datasets are all divided into
training: testing=8:2, and the random seed is set to be 1024. To evalu-
te the accuracy of H3ML, we employ subject-work Receiver Operating

Characteristic (ROC) curves. Recognizing the potential bias introduced
y the area under the curve (AUC) metric when dealing with imbal-

anced datasets, we also utilize precision–recall (PR) curves, which pro-
vide a more accurate depiction of the actual performance of the predic-
ive model. The metrics AUROC (Area Under the ROC curve) and AUPR
Area Under the PR curve) are employed to quantitatively capture the
erformance of AUC and PR, respectively. These two evaluation met-
ics are extensively employed in the assessment of drug repositioning
ethodologies. All experiments are executed in PyTorch 3.7. Intel(R)
ore(TM) i7-8750H CPU @ 2.20 GHz 2.20 GHz, 16 GB memory.

In our proposed prediction model H3ML, the hyperparameters are
as follows: the learning rate is 0.01, the weight decay is set to 5e-
, and the number of epochs is 1000. As the learning rate is set to
.1, 0.01, and 0.001 with all other parameters constant, it is observed
hat the model with larger learning rate tends to skip the optimal
olution, which results in poorer performance for H3ML. Conversely,
s the learning rate is too low, the convergence speed of H3ML is
ignificantly slow, especially for larger datasets. Therefore, the final
elected learning rate is 0.01. Besides, higher weight decay also leads to
nderfitting by forcing the model to learn too few features or to ignore
mportant ones, which results in worse performance on both training
nd test data. As the weight decay is set to a lower value, H3ML exhibits
etter performance on the training set but poorer performance on the
est set, which indicates the occurrence of overfitting. After fixing the
earning rate and weight decay across four datasets, it is observed that
he number of epochs to reach the optimal solution varies for different
atasets. To ensure that each dataset achieves the optimal solution, we
et the maximum number of epoch to 1000.

We learn hyperbolic multivariate feature and design information
fusion module. Finally, we perform prediction tasks on four biological
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 3. The framework diagram of H3ML. Part (A) constructs first-order and third-order information matrices, respectively. Part (B) introduces the third-order information into
the multivariate feature learning to enhance the features of nodes. Part (C) maps the first-order information to hyperbolic space and performs Möbius addition on the hyperbolic
multivariate feature information. Finally, part (D) uses HGAT to perform prediction tasks.
Table 3
Comparison results of different methods.

Method L-dataset B-dataset F-dataset M-dataset

AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR

DDAGDL 0.8039 0.5988 0.9000 0.5900 0.7142 0.5263 0.7272 0.5882
GCNAT 0.8334 0.0718 0.9234 0.0860 0.7141 0.0735 0.8838 0.0925
deepDR 0.9544 0.9649 0.9160 0.9020 0.8506 0.8575 0.4657 0.5181
LAGCN 0.8558 0.0302 0.9249 0.3819 0.7055 0.2151 0.8519 0.0262
HNRD 0.9530 0.8295 0.8488 0.5309 0.7859 0.3749 0.8643 0.3639
TS-SVD 0.9707 0.9698 0.8499 0.8428 0.8858 0.9017 0.9337 0.9161

𝐇3ML 0.9840 0.9801 0.9789 0.9662 0.9632 0.9757 0.9990 0.9990

Improvement(%) +1.33% +1.03% +6.29% 6.42% +7.74% +7.40% +6.20% +7.66%
datasets. The maximum numbers of runs for the four datasets are all
1000, and an early stop mechanism is also set. If the final prediction
result remains unchanged or performance decreases for ten consecutive
times, the optimization is stopped and the best results from previous
runs are retained. To maintain the stability, all other parameters remain
unchanged except for adjusting the parameters in multivariate feature
learning.

3.2. Comparison with state-of-the-art algorithms

For the purpose of performance evaluation, we compare H3ML
with six state-of-the-art algorithms proposed for drug repositioning,
i.e., DDAGDL [27], GCNAT [21], deepDR [25], TS-SVD [17], LAGCN
[31], and HNRD [20]. Bold is the best results. Underlined is the second
best results.
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Compared with other baselines, AUROC of H3ML performs almost
the best on all datasets, shown in Table 3. Difference is the percentage
increase in H3ML compared to the second best method. In DDAGDL,
GCNAT, deepDR, LAGCN, and HNRD methods, they not only utilize
the correlation matrix between heterogeneous nodes, but also consider
the similarity between homogeneous nodes. Due to the fact that we
did not consider the similarity between homogeneous nodes in the
four datasets, we set the similarity between homogeneous nodes to 0
in these methods to ensure comparability. Moreover, the correlation
degree of heterogeneous nodes in these four datasets is gradually
decreasing. The sparsity is increasing, which makes the performance
of these methods relatively poor. For the AUPR evaluation indicators,
these baselines have relatively low values in the original paper. For
TS-SVD method, it does not take into account the similarity between
homogeneous nodes, and results in better performance compared to
other methods. We chose the method of randomly selecting negative
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 4
Comparison results of different methods.
Datasets Evaluate DDAGDL GCNAT deepDR LAGCN HNRD TS-SVD 𝐇𝟑ML Improvement(%)

L-dataset
ACC 0.8742 0.7347 0.7720 0.7541 0.8907 0.9145 0.9220 +0.75%
AP 0.7122 0.7634 0.7931 0.7729 0.8864 0.9178 0.9379 +2.01%
F1 0.7499 0.6983 0.7006 0.7128 0.7011 0.9141 0.9305 +1.64%

B-dataset
ACC 0.8182 0.7135 0.5683 0.7327 0.9011 0.7673 0.9032 +0.21%
AP 0.5263 0.7511 0.7811 0.7659 0.7088 0.7909 0.9217 +13.08%
F1 0.6384 0.7873 0.4421 0.8023 0.3714 0.7575 0.8992 +14.17%

F-dataset
ACC 0.7647 0.6393 0.5112 0.6833 0.8803 0.8183 0.8978 +1.75%
AP 0.6250 0.7538 0.8000 0.7342 0.8059 0.8730 0.9156 +4.26%
F1 0.7632 0.7726 0.4734 0.7756 0.4145 0.8042 0.9038 +9.96%

M-dataset
ACC 0.8431 0.6327 0.6752 0.6529 0.8485 0.8588 0.9356 +7.68%
AP 0.6061 0.6882 0.7903 0.7028 0.8461 0.8283 0.9572 +11.11%
F1 0.6667 0.7400 0.6182 0.7649 0.1202 0.8649 0.9426 +7.77%
b

w

samples from unlabeled samples in TS-SVD to maintain consistency
with H3ML. From Table 3, it is observed that H3ML still outperforms

S-SVD. In summary, compared to suboptimal methods, AUROC is
increased by 7.74% and AUPR is increased by 7.40%.

In addition, the performance of H3ML is evaluated against six
other state-of-the-art baselines with three metrics: ACC, AP, and F1.
Furthermore, to ensure comparability, random negative samples are
applied to the unlabeled samples in TS-SVD. As shown in Table 4, H3ML
emonstrates the best performance. ACC, AP and F1 are respectively

increased by 7.68%, 13.08% and 14.17%, compared to the suboptimal
aselines. While H3ML is compared with state-of-the-art models, it
ould be also beneficial to compare it with simpler models to better
nderstand the trade-offs between complexity and performance.

3.3. Ablation analysis

To further validate the importance of each part of H3ML, we conduct
blation studies on four datasets to evaluate the impact of each part on
he model’s predictive performance. We explain the function of the part
o be ablated and outline the replacement strategy.

• X1F. This module represents embedding the correlation strength
between nodes in the first-order drug–disease network as input
feature into the hyperbolic space and integrating it with the
multivariate features.

• X3E. This module denotes the addition of a third-order drug–
disease network to the hyperbolic multivariate feature learning
and performs feature enhancement as a high-order part of the
multivariate feature learning.

• Y. This module denotes the hyperbolic multivariate feature learn-
ing, which performs hyperbolic multivariate feature enhancement
of the features mapped in the hyperbolic space.

• HGAT. This module represents the node clustering by using HGAT
after multivariate feature learning enhancement.

Table 5 show the comparison results of the H3ML model and its
ablation studies. ✗ indicates that this module is not included in the
H3ML and ✓ indicates that it is included. We can see that the H3ML
has the highest AUROC and AUPR among all modules included. Sec-
ondly, we ablated the correlation strength between nodes in the first-
order drug disease network as a feature module (X1F), its features
are replaced with one-hot coding. We find that H3ML performs better
performance because applying the association strength of first-order
heterogeneous networks as a feature can better express the relations
between nodes. If one-hot encoding is used, although it is trained, its
performance is still relatively poor compared to the H3ML. We remove
the third-order drug–disease network in the hyperbolic multivariate
feature learning (X3E) module and only retain the first three parts
of the hyperbolic multivariate feature learning. The results indicate
that considering the high-order neighbors of nodes can significantly
improves the performance of the model. We remove the hyperbolic
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Table 5
Ablation study.

Datasets Methods Evaluation indicators

𝑋1𝐹 𝑋3𝐸 𝑌 HGAT AUROC AUPR

L-dataset

✗ ✗ ✗ ✗ 0.9475 0.9134
✗ ✓ ✓ ✓ 0.9551 0.9364
✓ ✗ ✓ ✓ 0.9780 0.9658
✓ ✓ ✗ ✓ 0.9797 0.9739
✓ ✓ ✓ ✗ 0.9711 0.9615
✓ ✓ ✓ ✓ 0.9840 0.9801

B-dataset

✗ ✗ ✗ ✗ 0.8226 0.8006
✗ ✓ ✓ ✓ 0.9336 0.8652
✓ ✗ ✓ ✓ 0.9279 0.9000
✓ ✓ ✗ ✓ 0.9575 0.9175
✓ ✓ ✓ ✗ 0.9139 0.9017
✓ ✓ ✓ ✓ 0.9789 0.9662

F-dataset

✗ ✗ ✗ ✗ 0.8195 0.8097
✗ ✓ ✓ ✓ 0.8523 0.8345
✓ ✗ ✓ ✓ 0.8799 0.8922
✓ ✓ ✗ ✓ 0.9365 0.9213
✓ ✓ ✓ ✗ 0.9107 0.9149
✓ ✓ ✓ ✓ 0.9656 0.9760

M-dataset

✗ ✗ ✗ ✗ 0.9438 0.9059
✗ ✓ ✓ ✓ 0.9633 0.9562
✓ ✗ ✓ ✓ 0.9667 0.9392
✓ ✓ ✗ ✓ 0.9734 0.9816
✓ ✓ ✓ ✗ 0.9715 0.9692
✓ ✓ ✓ ✓ 0.9990 0.9990

multivariate feature learning (Y) module and directly perform subse-
quent hyperbolic attention node aggregation. The comparison results
indicate that using hyperbolic multivariate feature learning for feature
enhancement also improves the performance of the model. Because hy-
perbolic multivariate feature learning not only considers the benefits of
nodes themselves, but also considers the benefits of nodes’ direct neigh-
bors and high-order neighbors. By increasing or decreasing the features,
it can better demonstrate the correlation between nodes. Meanwhile,
after multivariate feature learning, we also used HGAT to perform node
aggregation and prediction tasks. After ablation of the HGAT module,
the performance of H3ML has decreased. This indicates that HGAT
etter aggregates nodes located in hyperbolic space, reflecting the role

of hyperbolic space in improving prediction accuracy.

3.4. Model comparison

To demonstrate the performance of our designed multivariate fea-
ture learning, we compared it with GCN. The results are shown in
Table 6. H3ML-(D-GCN-1,2,3) is to use one layer, two layers, and three
layers of GCN instead of multivariate feature learning, respectively. Due
to the inclusion of third-order relations in multivariate feature learning,

e only choose a three-layer GCN. From Table 6, we can see that ap-
plying multivariate feature learning in each dataset is superior to GCN,
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 6
Multivariate Feature Learning compared to GCN.

Method L-dataset B-dataset F-dataset M-dataset

AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR

H3ML-(D-GCN-1) 0.9587 0.9463 0.9537 0.9502 0.8795 0.9180 0.9897 0.9892
H3ML-(D-GCN-2) 0.9727 0.9718 0.9621 0.971 0.9085 0.9110 0.9929 0.9932
H3ML-(D-GCN-3) 0.9808 0.9792 0.9569 0.9572 0.9346 0.9346 0.9950 0.9982
𝐇3ML 0.9840 0.9801 0.9789 0.9662 0.9656 0.9760 0.9990 0.9990
Fig. 4. The impact of 𝛼 on the prediction results of each dataset.
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ultivariate feature learning not only considers the feature information
f node neighbors, but also considers the feature information of node
tself. It is crucial to reflect the information of the node itself. Compared
o H3ML-(D-GCN-3), H3ML, AUROC increased by a maximum of 3.10%,
UPR has increased by a maximum of 4.14%.

.5. Parameter analysis

In this subsection, we analyze the influence of different parameters.
here are two parameters 𝛼 and 𝛽 in the H3ML model, and 𝛽 = 1 − 𝛼
𝛼 > 0, 𝛽 > 0). Set the value range of 𝛼 from 0.1 to 0.9, with a step size
f 0.1. So we further analyze the impact of the parameters 𝛼 and 𝛽 on
odel performance based on the changes in AUROC and AUPR values.
he results are shown in Fig. 4. It can be observed that in L-dataset,
-dataset, F-dataset, and M-dataset, the performance is optimal when
is set to 0.5, 0.5, 0.9, and 0.8, respectively. And it shows a trend of

ising first and then falling. In L-dataset, B-dataset, the optimal value
s reached when 𝛼 = 0.5, the values of AUROC are 0.9840, 0.9789, and
UPR are 0.9801, 0.9662. In F-dataset, the optimal value is reached
hen 𝛼 = 0.9, the values of AUROC is 0.9656, and AUPR is 0.9760.

n M-dataset, the optimal value is reached when 𝛼 = 0.8, the values of
UROC is 0.9990, and AUPR is 0.9990. But we find that changes in
arameters have little impact on the final results of H3ML, indicating
hat the performance of H3ML is relatively stable.

. Case study

In order to demonstrate the ability of H3ML in actually predict-
ng the association of new drug–disease, we conduct case studies on
reast cancer, Alzheimer’s disease and COVID-19. For each disease,
 t
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he predicted scores of candidate drugs are sorted in descending order.
inally, it was confirmed in the top-10 drugs. During the experiment,
e remove the known drug disease associations from the dataset. In

uture practical applications, H3ML has the potential to expedite drug
evelopment by identifying novel indications for existing medications,
nd thereby significantly reduces research expenses. Moreover, H3ML
an offer patients fresh therapeutic avenues, especially for those who
ack effective treatment alternatives or exhibit resistance to current
herapies, which ultimately enhances clinical outcomes.

Breast cancer is one of the most common malignant tumors in
omen. Its incidence rate accounts for 7%–10% of all malignant tu-
ors in the body [48]. Meanwhile, with the improvement of med-

cal level, cancer has become a major disease that seriously threat-
ns human life and health. However, with the increase of medical
ata, many computational methods have been used to explore the
rug repositioning of breast cancer [49,50]. In this study, we uti-
ize the H3ML model to predict potential drug–disease associations
nd validate the top-10 candidate drugs in the relevant literature of
ubMed, shown in Table 7. Among the top-10 candidate drugs, 9 drugs
ave been validated. For example, the use of anti-asthmatic drugs and
 𝑦𝑠𝑡𝑒𝑖𝑛𝑦𝑙 𝑟𝑒𝑐 𝑒𝑝𝑡𝑜𝑟1 (𝐶 𝑦𝑠𝐿𝑇 1𝑅) antagonists, 𝑍 𝑎𝑓 𝑖𝑟𝑢𝑘𝑎𝑠𝑡 and 𝑀 𝑜𝑛𝑡𝑒𝑙 𝑢𝑘𝑎𝑠𝑡
s specific blockers of new platelet tumor promoting effects [51].
 𝑖𝑔 𝑖𝑡𝑎𝑙 𝑖𝑠 is commonly used in heart failure and cardiac edema. At the

ame time, it can inhibit the growth of human breast cancer cells in
ombination with other drugs [52].

Alzheimer’s disease (AD) is a persistent neurological disorder and
ne of the most common chronic diseases in elderly people, accounting
or approximately 50%–70% of dementia in the elderly. With the
ccelerating aging process of China’s population, China has become
he country with the highest number of AD cases worldwide [53,54].
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 5. The similarity of feature representations between breast cancer-drug predicted by H3ML and known breast cancer-drug in the dataset. The vertical axis represents the drug
predicted by H3ML, and the horizontal axis represents the approved drug.
Table 7
Predicting the top-10 drugs most associated with breast cancer.

Rank Drugs Evidence(PMID)

Breast cancer

1 Haloperidol 15695518
2 Zafirlukast 36293074
3 Montelukast 37044036
4 Quetiapine 25667102
5 Digitalis 15123618
6 Amiloride 26944316
7 Methyldopa Unconfirmed
8 Cefazolin 28692521
9 Methionine 35359364
10 Fentanyl 28798691

Table 8
Predicting the top-10 drugs most associated with Alzheimer’s disease.

Rank Drugs Evidence(PMID)

Alzheimer’s

1 Candesartan 29365370
2 Gefitinib 36014421

disease

3 Amsacrine 36740796
4 Acetazolamide 2783929
5 Bumetanide 37601062
6 Diclofenac 36875711
7 Chloroquine 29874341
8 Mycophenolate mofetil Unconfirmed
9 Estrogens 31016201
10 Cimetidine Unconfirmed

Previously, the development of drugs for AD was hindered by various
factors, such as the issue of long time periods. Drug repositioning is
a timely drug development strategy, especially for AD. As shown in
Table 8, 8 of the top 10 potential AD drugs validated by H3ML can
be certified. AD is associated with brain inflammation of microglia.
𝐶 𝑎𝑛𝑑 𝑒𝑠𝑎𝑟𝑡𝑎𝑛 has a neuroprotective effect in the early stages of AD,
which is related to its regulation of AD related glial function [55].
Acridine is a heterocyclic nucleus that is the only part of various
existing drug molecules. 𝐴𝑚𝑠𝑎𝑐 𝑟𝑖𝑛𝑒 can be a target of other drugs
involved in the pathogenesis of AD to combat AD [56].

In addition, we utilized Pearson coefficients to calculate the similar-
ity between the candidate drugs in Tables 7 and 8 of H3ML validation
and drugs known to be related to two diseases in the dataset. The results
of AD and breast cancer are shown in Figs. 5 and 6, respectively. We
observe that according to the distribution of dark blocks, each H3ML
validated candidate drug is at least highly similar to a known drug.
This proves the reason for the superior performance of H3ML.
9 

Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Libra
2025. Para uso personal exclusivamente. No se permiten otros usos sin autoriz
Table 9
Predicting the top-10 drugs most associated with COVID-19.

Rank Drugs Evidence(PMID)

COVID-19

1 Carvedilol 34480616
2 Raltegravir 37000925
3 Alisporivir 32409832
4 Saracatinib Unconfirmed
5 Amantadine 33350472
6 Clarithromycin 36791037
7 Nelfinavir 36557724
8 Trovafloxacin Unconfirmed
9 Penciclovir Unconfirmed
10 Asunaprevir 34518443

COVID-19 is a coronavirus disease caused by acute respiratory
syndrome coronavirus type 2 (SARS-CoV-2). The unexpected outbreak
of COVID-19 requires new treatment strategies to combat the epi-
demic [57]. Therefore, drug reutilization has become an emerging
strategy. We utilize the H3ML model to identify candidate drugs for
COVID-19 and validate the top 10 candidate drugs. (As shown in
Table 9). The use of 𝐶 𝑎𝑟𝑣𝑒𝑑 𝑖𝑙 𝑜𝑙 was significantly associated with a
reduced probability of obtaining SARS-CoV-2 positive detection (17%–
20%, 𝑃 < 0.001). 𝐶 𝑎𝑟𝑣𝑒𝑑 𝑖𝑙 𝑜𝑙 showed antiviral activity against SARS-
CoV-2 in human lung epithelial cell lines, and also showed its beneficial
mechanism for COVID-19 [58]. 𝐴𝑧𝑢𝑚𝑎𝑝𝑟𝑖𝑣𝑖𝑟 has the effect of inhibit-
ing the cytopathic effect induced by SARS-CoV-2-induced in Vero E6
cells, so it may be worth developing as a new drug candidate for
COVID-19 [59].

The three case studies further validate the effectiveness of H3ML,
which further demonstrates H3ML accelerates drug discovery by rapidly
identifying new indications for existing drugs. This approach reduces
the time required for new drug development and market authorization,
which benefits from the size of the candidate set has been greatly
reduced. In summary, by constructing a network that links drugs to
diseases, H3ML can efficiently predict the relations between drugs
and potential diseases. The prediction results unveil complex nonlin-
ear associations between drug–disease pairs, thereby facilitating the
discovery of drug repositioning. Moreover, these results enable the
prioritization of the most promising candidate drugs for experimental
validation, and reduce both experimental costs.
ry of Health and Social Security de ClinicalKey.es por Elsevier en abril 30, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 6. The similarity of feature representations between AD drugs predicted by H3ML and known AD drugs in the dataset. The vertical axis represents the drug predicted by
H3ML, and the horizontal axis represents the approved drug.
5. Conclusions

In this work, we propose a framework, namely H3ML, to solve
the problem of drug reuse by hyperbolic multivariate feature learning
in high-order heterogeneous network. We first explore the high-order
information of protein–disease networks and drug–protein networks,
and construct heterogeneous networks with drug–disease networks.
Then, hyperbolic multivariate feature learning is used for feature en-
hancement, and finally heterogeneous network feature information is
fused with hyperbolic multivariate feature information. To verify the
performance of H3ML, we compare it with six state-of-the-art baselines.
Experiments have shown that H3ML performs better than the other
baselines. In addition, we also conduct ablation studies to demonstrate
the importance of each part in H3ML. Although H3ML is mainly used
for drug reuse, it can also be extended for microbe–disease associations
and validated on the M-dataset. However, there are certain limitations
associated with H3ML despite its high predictive accuracy. For instance,
drug efficacy is influenced by various factors, including genetics, envi-
ronment, and lifestyle, which lead to significant differences for different
individuals. Moreover, many diseases are resulted by the interplay
of multiple factors, and a single drug may result in issues such as
drug resistance and other adverse effects. Multivariate feature learning
depends on different hyper-parameters and the same curvature, which
degrades the generality. As spatial transformation results in information
loss, we will further perform related tasks in hyperbolic spaces with the
learnable curvature. Therefore, the exploration of drug interactions and
the potential for combination therapies is a domain that necessitates
further investigation.
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