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Abstract 

Predicting Herb–Disease Associations (HDA) is pivotal for modernizing Traditional 

Chinese Medicine (TCM); however, this is impeded by data heterogeneity and the 

complex, multi-component mechanisms of herbal medicines. Existing drug–disease 

prediction models often struggle to capture high-order structural patterns and resolve 

semantic inconsistencies intrinsic to herbs. To overcome these limitations, we present 

HData, a standardized benchmark dataset that integrates herbal medicinal proper-

ties, chemical compositions, and disease associations. We further propose GHF-

ACL, a novel multi-order graph contrastive learning framework designed for HDA 

prediction. Specifically, GHF-ACL explicitly models low-order functional similarities 

via a herb–disease similarity graph while capturing high-order component interac-

tions through a herb–chemical hypergraph. Furthermore, an adaptive gating-guided 

structural interaction module aligns heterogeneous graph representations into a uni-

fied latent space, and hierarchical contrastive learning enforces consistency across 

structural views. Extensive experiments on five datasets demonstrate that GHF-

ACL achieves superior or competitive performance over six state-of-the-art models 

across most metrics, with significant improvements over the best-performing baseline 

model in AUPR (+4.8% on LRSSL, + 3.81% on Cdata), F1 score, and Recall. These 

results underscore the model’s superior capability in detecting true positive associ-

ations within imbalanced biomedical data. By synergizing multi-view graph model-

ing, semantic fusion, and contrastive regularization, this work establishes a unified 

framework for HDA prediction, offering valuable insights for computational TCM and 

data-driven drug discovery.
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Author summary 

Traditional Chinese Medicine has been used for centuries, but understand-
ing how it works at a scientific level is still difficult. One reason is that herbs 
are naturally complex. Instead of relying on a single active substance, most 
herbs contain many components that work together to influence the body. This 
makes them hard to study using modern computer tools that are designed for 
simpler drugs. In our work, we aim to make this complexity easier to under-
stand using artificial intelligence. We first collected and organized scattered in-
formation about herbs and diseases into a single, standardized data resource. 
We then built a computer model that looks not only at similarities between 
herbs and diseases, but also at how different components within an herb may 
work together. When we tested our approach, it was more successful than ex-
isting methods at identifying meaningful connections between herbs and dis-
eases. As an example, our model highlighted a possible role for the herb Niuxi 
in treating skin cancers, which aligns with recent biological findings. Overall, 
we hope our study provides a clearer way to study traditional herbal medicine 
and helps connect ancient medical knowledge with modern, data-driven drug 
discovery.

1  Introduction

Traditional Chinese Medicine (TCM), founded upon the holistic theories of Yin-Yang 
and the Five Elements, constitutes a sophisticated academic system. Over thou-
sands of years, its clinical efficacy has been empirically validated, resulting in a rich 
accumulation of herb-disease remedies [1].

In the context of modern medical theory, Chinese herbal medicines are charac-
terized by synergistic multi-component and multi-target mechanisms. This inherent 
complexity renders the conventional reductionist approach—typical of Western 
medicine, which isolates single-molecule actions—insufficient for verifying the full 
spectrum of active ingredients in herbs. Furthermore, the experiential nature of 
TCM clinical practice often hinders rapid discovery in high-throughput laboratory 
settings, resulting in a delayed response to novel diseases [2,3]. Consequently, 
the concept of drug repositioning has been introduced into the TCM domain, 
formalized as the Herb-Disease Association (HDA) prediction task. This paradigm 
aims to elucidate the latent therapeutic potential of existing herbs and extend their 
utility beyond established indications, holding significant biological and medical 
implications [4,5].

In recent years, researchers have extensively explored computational methodolo-
gies for drug repositioning, such as machine learning, matrix factorization, and neural 
networks [4,6]. For instance, GraphDTA [7], proposed by Nguyen et al., conceptual-
izes drug molecules as graph structures and employs graph neural networks (GNNs) 
to predict drug-target affinity. Wan et al. introduced NeoDTI [8], which significantly 
enhances drug-target embeddings by constructing a heterogeneous network of 
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drugs, targets, and other molecular entities, leveraging GNNs to automatically learn representation embeddings. Simi-
larly, HGDrug [9], proposed by Jin et al., incorporates drug substructures and functional motifs to construct a hypergraph, 
designing a multi-branch hypergraph attention network for multi-task prediction. Hyper-Mol [10], proposed by Cui et al., 
encodes molecular fingerprint substructures via a hypergraph model to capture higher-order associations. Specifically 
addressing the multi-component and multi-target nature of TCM, HTInet [11] utilized graph embedding technology to learn 
low-dimensional feature representations of herbs and target proteins, pioneering the prediction of potential herb-target 
interactions in the TCM domain. Furthermore, HGHDA [12] was the first to employ the Transformer mechanism to aggre-
gate dual-channel association features of herbal molecules and targets, encoding the Multi-Target Multi-Component 
(MTMC) properties from a pharmacological perspective. However, these existing methods often lack robust mechanisms 
for structural interaction and representation consistency. Critically, they fail to distinguish between diverse structural 
properties within the graph, making it challenging to effectively capture the high-order clustering commonalities intrinsic to 
TCM components.

To address these limitations, we systematically organized and standardized heterogeneous data comprising herbal 
properties, components, and disease associations to construct HData, a dedicated benchmark dataset for herb-disease 
prediction. Furthermore, we propose a structural-semantic alignment-driven framework named GHF-ACL. This approach 
goes beyond traditional single-graph modeling by integrating a multi-view [13], multi-level heterogeneous network. Specifi-
cally, GHF-ACL explicitly models the functional similarity between herbs and diseases via graph structures while capturing 
the high-order clustering semantics of herbal components through hypergraphs [14,15], thereby achieving multi-scale 
representation. A gating-guided structural interaction module is designed to dynamically capture complementary relation-
ships between heterogeneous structures, facilitating hierarchical semantic alignment within a shared embedding space 
[16]. Additionally, local and global contrastive learning mechanisms enforce consistency at both node and subgraph levels, 
significantly enhancing the model’s capability to capture multi-component synergistic effects and its generalization perfor-
mance [17,18].

The main contributions of this paper are summarized as follows:

•	 Dataset Construction: We constructed HData, the first standardized and multi-relational benchmark for herb–disease 
association prediction, which integrates herbal properties, chemical compositions, and disease ontologies to resolve 
data heterogeneity.

•	 Methodological Innovation: We proposed GHF-ACL, a dual-view representation learning framework that jointly mod-
els pairwise herb–disease therapeutic relationships and higher-order herb–component associations. To reconcile the 
semantic discrepancy between these complementary structural views, we introduce cross-view contrastive alignment 
and adaptive node-level fusion mechanisms, enabling more robust herb representations for association prediction.

•	 Performance Superiority: Extensive experiments on five datasets demonstrate that GHF-ACL consistently outperforms 
baselines across AUPR, Recall, and F1 metrics, exhibiting remarkable robustness particularly in imbalanced prediction 
scenarios.

Through comprehensive evaluation, we validated our method on four existing datasets in addition to HData. The results 
demonstrate that GHF-ACL not only achieves superior prediction accuracy on herb-disease datasets but also outperforms 
six state-of-the-art methods on cross-domain drug-disease datasets, highlighting its versatility and effectiveness.

2  Materials and methods

2.1  Dataset

Given the absence of a standardized dataset integrating traits, meridian medicinal properties, Yin-Yang, Five Elements, 
and disease associations of Chinese herbal medicine, we expanded the data sources and structural dimensions by 
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building upon HTINet and HGHDA. We systematically compiled a large body of data on the links between medicinal 
herbs and diseases from authoritative databases, including TCM-ID, NPACT, the Chinese TCM Database, and NMPA. We 
standardized herb nomenclature by adopting the names from Chinese Materia Medica as the sole authoritative source. 
All collected herb data were deduplicated and mapped to their corresponding standard Latin names. Based on the dedu-
plicated dataset, we further extracted pharmacological properties—including the Five Elements, Four Qi, Five Flavors, 
meridian tropism, and toxicity—by referring to the Chinese Pharmacopoeia and the TCMSP database. For herbs lacking 
explicitly documented properties in the Pharmacopoeia, missing attributes were imputed using the average characteristics 
of their corresponding plant family or genus. Herbs with confidence levels below a predefined threshold were excluded to 
ensure overall data quality. Active compounds and molecular structure information were extracted from the TCMSP and 
PubChem databases to collect the chemical constituents of each herb. These compounds were then filtered based on 
ADME criteria, retaining only those with oral bioavailability (OB) ≥ 30% and drug-likeness (DL) ≥ 0.18. All selected com-
pounds were standardized into SMILES format and stored alongside the herb data in a many-to-many mapping structure. 
We standardized all disease names in the original association data by aligning and deduplicating them using MeSH IDs, 
resulting in a final curated herb–disease association dataset with normalized nomenclature. The final statistics of the orga-
nized nodes and associations are presented in Table 1.

The above statistics reflect a multi-stage curation process. A total of 19,595 molecule–herb records were initially col-
lected from TCMSP and PubChem, of which 7,279 unique compounds were retained after ADME-based filtering, repre-
senting a retention rate of 37.1%. The herb set was further reduced from 499 candidate entries to 321 by excluding herbs 
with insufficient high-confidence compound records. For herb–disease associations, 124,583 raw records were collected 
across the four databases; after MeSH-based disease normalization, deduplication, and nomenclature standardization, 
65,536 associations were retained (retention rate 52.6%). The resulting dataset density of 11.93% is substantially higher 
than conventional drug–disease benchmarks, which is consistent with the broad-spectrum therapeutic characteristics of 
herbal medicines documented across multiple independent sources.

Isolated herb or disease nodes — those with no known associations in any of the collected databases — were removed 
during preprocessing, as they carry no supervisory signal for the link prediction task. This is consistent with standard 
practice in graph-based biomedical association prediction and was applied uniformly across all methods evaluated in this 
work.

Given that herbal medicines contain multiple chemical constituents with structural features comparable to those of 
modern drugs, and recognizing that publicly available drug–disease datasets offer superior data scale and standardization 
for benchmarking, we extended our comparative experiments to include four standard drug–disease association datasets 
in addition to the Chinese herb–disease benchmark dataset.

The detailed statistics of these datasets are summarized in Table 2. Compared with existing drug–disease datasets 
such as Edata, LRSSL, and Cdata, the proposed Hdata dataset exhibits several distinctive characteristics. First, Hdata 
is specifically designed for herbal medicine, rather than mixing herbs with chemical drugs. Second, it integrates herb–
disease associations from multiple sources and adopts standardized herb nomenclature to ensure data consistency. In 
addition, Hdata contains a larger number of associations and richer structural information, making it more suitable for 
graph-based learning methods. Detailed comparisons are presented in Table 3.

Table 1.  Entity and relation statistics in herbal dataset.

Herb Disease Chemical Herb-Disease Herb-Chemical

321 1712 7279 65536 9845

https://doi.org/10.1371/journal.pcbi.1014461.t001
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2.2  Multi-order graph structure modeling framework

The proposed framework consists of four key components: a graph encoder, a hypergraph encoder, a gating-based fusion 
module, and a contrastive learning objective. Specifically, the graph encoder learns node representations from the hetero-
geneous herb–disease network, capturing pairwise associations between herbs and diseases. In parallel, the hypergraph 
encoder models higher-order relationships among herbs by leveraging shared chemical components.

The representations generated by these two encoders are then adaptively integrated through an adaptive gating fusion 
mechanism, enabling the model to effectively balance structural and high-order semantic information. Finally, a contrastive 
learning objective is employed to enhance the robustness and discriminative power of the learned embeddings, which are 
subsequently utilized for herb–disease association prediction. Unlike existing frameworks that treat these components 
independently, GHF-ACL integrates them as mutually dependent modules, each specifically motivated by the structural 
and pharmacological characteristics of TCM data.

2.2.1  Multi-order similarity structure construction.  Firstly, regarding the construction of the low-order functional 
similarity structure, we calculate the similarities of herbs and diseases independently to establish a functional similarity 
network. Subsequently, we model the relationships between herbs and chemical components as a hypergraph, where 
each chemical component is represented as a hyperedge connecting all herbs that contain it. This modeling strategy is 
grounded in pharmacological principles of traditional Chinese medicine, which posit that the therapeutic effects of herbs 
are primarily mediated by their bioactive chemical constituents. Consequently, herbs sharing similar chemical components 
are likely to exhibit overlapping pharmacological activities, or act on similar biological targets and signaling pathways. 
This hypergraph modeling allows us to mine potential synergistic component groups and effectively reflect the high-order 
structural commonalities of herbal medicines, as illustrated in Fig 1.

According to Traditional Chinese Medicine (TCM) theory, the therapeutic efficacy of herbs is intrinsically linked to their mech-
anisms of action against specific diseases [1]. For instance, herbs possessing properties such as “warming Yang” or “clearing 
heat” exert therapeutic effects aligned with the “Cold/Heat” and “Yin/Yang” theories of TCM [3]. Consequently, to quantify the 
similarity between herbs, we utilize their medicinal properties as the foundational data for calculation. These properties encom-
pass the Four Natures (cold, heat, warm, cool, and neutral), the Five Flavors (sour, bitter, sweet, pungent, salty, astringent, and 
bland), Meridian Tropism (heart, lung, bladder, liver, gallbladder, spleen, kidney, stomach, large intestine, small intestine, San 
Jiao, and pericardium), and Toxicity. We encode these attributes into binary feature vectors: if an herb possesses a specific 

Table 2.  Dataset statistics for herb/drug-disease association prediction.

Dataset Drugs/Herbs Diseases Known Associations Sparsity

Hdata 321 1712 65536 11.9253%

Edata 3039 909 16234 0.5876%

LRSSL 763 681 3051 0.5872%

Ldata 269 598 18416 11.4483%

Cdata 663 409 2532 0.9337%

https://doi.org/10.1371/journal.pcbi.1014461.t002

Table 3.  Feature comparison of herb/drug–disease datasets.

Feature Hdata (Ours) Edata LRSSL Ldata Cdata

Herb-specific dataset Yes Yes No No No

Multi-source integration Yes No No No No

Standardized herb names Yes No No No No

Herb attribute information Yes No No No No

https://doi.org/10.1371/journal.pcbi.1014461.t003
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Fig 1.  General architecture diagram. Adaptive feature fusion denotes the feature alignment module following the two convolutional layers. The green 
round nodes represent herbal entities, and the blue round nodes denote disease entities. (Some graphical elements in this figure were adapted from the 
following sources: heart organ icon, https://commons.wikimedia.org/wiki/File:Heart_organ_Pinhead_icon.svg, CC0 1.0; molecule icon, https://commons.
wikimedia.org/wiki/File:Microsoft_Fluent_UI_–_ic_fluent_molecule_28_filled.svg, MIT License; three books icon, https://commons.wikimedia.org/wiki/
File:Three_books_stacked_Pinhead_icon.svg, CC0 1.0; book with bookmark icon, https://commons.wikimedia.org/wiki/File:Book_with_bookmark_Pin-
head_icon.svg, CC0 1.0; lungs icon, https://commons.wikimedia.org/wiki/File:Lungs_with_right_side_spots_Pinhead_icon.svg, CC0 1.0; molecule 
game-icon, https://commons.wikimedia.org/wiki/File:Molecule_-_Lorc_-_game-icons.svg, CC BY 3.0; leaf icon, https://commons.wikimedia.org/wiki/File:-
Font_Awesome_5_solid_leaf.svg, CC BY 4.0; book icon, https://bioicons.com/icons/cc-by-3.0/General_items/Servier/book.svg, CC BY 3.0.).

https://doi.org/10.1371/journal.pcbi.1014461.g001
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attribute, it is marked as ‘1’; otherwise ’0’. Finally, we employ the Jaccard index to calculate the medicinal property-based simi-
larity between herbs [18]. The similarity between two binary feature vectors, xi and xj, is computed using Eq 1.

	
Jaccard(xi, xj) =

∑d
k=1 xik · xjk∑d

k=1 max(xik, xjk) 	 (1)

This encoding strategy is motivated by the categorical nature of TCM pharmacological attributes, which do not possess a 
natural numerical ordering. Binary encoding faithfully preserves this categorical structure, and Jaccard similarity is particularly 
appropriate for the resulting sparse vectors, as it measures the proportion of shared attributes relative to their union while 
remaining robust to the large number of shared absent features that would otherwise inflate cosine-based similarity estimates.

Following the normalization of disease names, we calculate disease similarity utilizing the MeSH system [19]. Specif-
ically, the semantic structure of diseases in MeSH can be represented as hierarchical Directed Acyclic Graphs (DAGs) 
[20]. For a given disease d, we denote its hierarchical relationship as DAG(d)=(N(d), E(d)), where N(d) is the set of nodes 
comprising d and its ancestors, and E(d) denotes the set of directed edges connecting parent nodes to their children [21]. 
Based on this DAG structure, the contribution of a node n in DAG(d) to the semantic value of disease d is defined as:

	
Cd(n) =

{
1 if n = d
∆ ·maxn′∈ children (n) Cd

(
n′
)

if n ̸= d 	 (2)

When n = dn , it indicates that the current node corresponds to the target disease itself, and its semantic contribution 
is defined as 1. Conversely, when n ̸= dn , the node is not the target disease, and its semantic contribution is calculated 
as the maximum contribution of all its child nodes multiplied by a decay factor ∆ (0 < ∆ < 1). This factor signifies that 
semantic information attenuates as it propagates upward from child nodes. Based on the hypothesis that diseases sharing 
a greater number of common ancestors in the DAG exhibit higher semantic similarity [22], we let N(d) denote the set of all 
ancestor nodes of disease d in the disease directed acyclic graph (DAG), including the disease itself. The semantic value 
of disease d is defined as follows:

	

DV(d) =
∑

n∈N(d)

Cd(n)

	 (3)

Furthermore, N(di) and N(dj) represent the sets of ancestor nodes of diseases di and dj, respectively, in the disease 
DAG. we calculate the pairwise semantic similarity between diseases di  and dj  using Eq 3 to construct the disease simi-
larity matrix [23].

	

Sdij =
1

DV
(
di
)
+ DV

(
dj
) ·

∑

n∈N
(
di
)
∩W

(
dj
)
[
Cdi (n) + Cdj (n)

]

	 (4)

We construct a heterogeneous network by integrating herb–disease associations, herb–herb similarities, and disease–
disease similarities [24]. Initially, the herb–disease association is represented as a binary matrix A ∈ {0, 1}N×M , where N 
and M denote the number of herbs and diseases, respectively. The entry Aij  equals 1 if herb hi  is associated with disease 
dj , and 0 otherwise. Furthermore, we denote the herb similarity matrix as Sh ∈ RN×N  and the disease similarity matrix as 
Sd ∈ RM×M . By normalizing and combining these similarity matrices, we obtain the unified adjacency matrix A.

	
AH =

(
D
– 1
2

r SrD
– 1
2

r A

A⊤ D̃
– 1
2

d SdD̃
– 1
2

d

)
∈ R(N+M)×(N+M)

	 (5)
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We conceptualize each chemical component as a hyperedge connecting all herb nodes containing that specific con-
stituent [5]. The herb-component incidence matrix is denoted as H, where rows represent herbs and columns represent 
chemical components; specifically, Hij = 1 indicates that herb i contains component j. The degree d (i.e., the number of 
herbs associated with a component) is calculated for each hyperedge. Subsequently, the weight of each hyperedge is 
normalized using the inverse degree matrix W = diag(1/d) [24]. This weighting scheme penalizes the contribution of large 
hyperedges (common components associated with many herbs) while amplifying the significance of smaller hyperedges 
(unique components) [25]. Finally, based on the hypergraph structure, a weighted pairwise adjacency matrix is con-
structed through the following matrix operation:

	 Ahyper = HWHT,	

Here, Ahyper  denotes the clique expansion of the hypergraph, which provides an intuitive pairwise representation of 
shared components among herbs. Acting as a weighted adjacency matrix, Ahyper  does not directly serve as an operator 
for hypergraph convolution. Instead, it transforms the higher-order hypergraph structure into a weighted first-order graph, 
thereby enabling the application of standard graph convolutional propagation rules. Consequently, each element A

hyper
[i,j] 

represents the cumulative weight between the two herbs, aggregated over all shared chemical components [26]. As illus-
trated in Fig 2, dk  denotes the number of herb nodes connected by the k-th chemical component (hyperedge), where the 
weight is incremented by 1

dk
 whenever two herbs share the chemical component k.

In this formulation, the weight of each hyperedge is evenly distributed among all pairs of herb nodes that share the cor-
responding chemical component, including self-connections. This ensures that components associated with multiple herbs 
do not disproportionately dominate the resulting adjacency structure.

2.2.2  Multi-order embedding representation learning.  The graph encoder takes the unified heterogeneous 
adjacency matrix AH  as input and employs graph convolution to learn node representations for both herbs and diseases. 
In parallel, the hypergraph encoder operates on the herb–component hypergraph defined by the incidence matrix H, 
capturing higher-order relationships among herbs that share common chemical components. We construct embedding 

Fig 2.  Clique expansion with uniform edge weighting. (This figure was created by the authors using Microsoft PowerPoint.).

https://doi.org/10.1371/journal.pcbi.1014461.g002
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modules on the functional graph G and the constituent hypergraph H, respectively, to realize the collaborative learning of 
semantics from both first-order and higher-order structures, as illustrated in Fig 3.

We employ Graph Convolutional Networks (GCN) for feature extraction of herbs and diseases within the functional 
graph G. The encoding of higher-order structural features is achieved by stacking multi-layer graph convolution oper-
ations, which allows nodes to iteratively aggregate semantic information from increasingly distant neighbors within the 
graph structure [27]. The core principle is to locally smooth node features via neighborhood relations, thereby promoting 
similarity among adjacent nodes in the representation space. This process effectively captures the latent clustering struc-
tures and semantic associations inherent in the graph. In each GCN layer, the node embeddings are updated through the 
weighted aggregation of neighboring node representations, facilitating feature learning that propagates from immediate 
first-order neighbors to multi-order neighbors.

Its standard inter-layer propagation rule can be formalized as follows:

	
X(l+1) = σ

(
AHX(l)W(l)

)
	 (6)

where X(l) denotes the node embedding in the l -th layer, AH  represents the normalized graph adjacency matrix, W(l) 
indicates the trainable weight matrix in layer l, and σ(·) is the nonlinear activation function. The initial node embedding 
X(0) can be initialized as an identity matrix or via random initialization. Consequently, the first layer of the GCN encoder 
corresponds to the case where l = 0 in the inter-layer propagation rule. Subsequent layers adhere to the aforementioned 
propagation rule, ultimately generating the sequence of layer-wise node embeddings:

	 X(1), X(2), X(3), . . . , X(l).	

Higher-order representations of herbs within the component view are extracted using HyperGCN on the component 
hypergraph H, implementation of spectral convolution using a normalised propagation operator based on the hypergraph 
Laplacian. A key advantage of this module lies in its capability to capture non-pairwise higher-order relationships among 
multiple herbs connected by shared constituents. This, in turn, reveals the latent modular distribution of specific herbs 
within the constituent functional space. We define the herbal node degree matrix

	 DV = diag
(
dV1 , · · · , dVn

)
	

Fig 3.  Multi-order embedding function diagram. (This figure was created by the authors using Microsoft PowerPoint.).

https://doi.org/10.1371/journal.pcbi.1014461.g003
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where dVi =
∑

jwjHij  represents the weighted quantity of the components contained in the herbal medicine vi . The super-
edge matrix is defined as

	 DE = diag
(
δe1 , · · · , δen

)
	

where δej =
∑

iHij  denotes the number of herbs containing the component ej . Since the hyperedge weight matrix W takes 
the form of the reciprocals of the hyperedge degrees, and in conjunction with the normalisation D–1

E  in the propagation 
operator, the effective weight of hyperedge ej  is:

	

wj

δej
=

1
δ2ej 	

This mechanism naturally mitigates the excessive influence of commonly shared components on node representa-
tions during the aggregation process, thereby enabling nodes with rare shared components to acquire relatively stronger 
semantic representations.

The normalised hypergraph Laplace operator L is defined as

	 L = I – D
– 1
2

v HWD–1
e H

⊤D
– 1
2

v 	 (7)

where W is the hyperedge weight matrix.We perform the eigendecomposition of the hypergraph Laplacian L as

	 L = UΛU⊤
	

where the eigenvector matrix U forms the hypergraph Fourier basis, and the eigenvalues λk ∈ [0, 2] correspond to fre-
quency components on the hypergraph. The Fourier transform of a hypergraph signal f is then defined as

	 f̂ = U⊤f	

We adopt a first-order polynomial approximation filter

	 gθ(λk) = 1 – λk 	

Since this response function approaches 1 when λk ≈ 0 and approaches 0 when λk ≈ 1, it exhibits a clear low-pass 
filtering characteristic. The corresponding spatial-domain propagation operator is given by:

	 Θ = I – L = D
– 1
2

V HWD–1
E H

TD
– 1
2

V 	 (8)

It should be emphasized that the low-pass characteristic originates from the eigenvalue decay mechanism of the filter 
response function

	 g(λ) = 1 – λ	

rather than from the Laplacian operator L itself. The forward propagation of the l-th layer in HyperGCN consists of the 
following three steps:
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1.	Hyperedge aggregation: Each hyperedge ej  aggregates the embeddings of its member herb nodes by normalized 
averaging:

	 M(l) = D–1
E H

⊤Z(l) ∈ Rm×dl
	 (9)

2.	Weighted reverse distribution: Each herb node receives the aggregated information from its incident hyperedges:

	 Z̃(l) = HWM(l) = HWD–1
E H

⊤Z(l) ∈ Rn×dl
	 (10)

where W is a diagonal matrix of hyperedge weights.

3.	Symmetric normalization and linear transformation: The node embeddings are symmetrically normalized by node 
degrees and passed through a learnable linear transformation:

	
Z(l+1) = σ

(
D–1/2
V HWD–1

E H
⊤D–1/2

V Z(l)Θ(l)
)
, Z(0) = Xh 	 (11)

where Xh ∈ RN×d  is the initial feature matrix of herb nodes, Θ(l) ∈ Rdl×dl+1  is the learnable weight matrix at layer l, and σ  is 
a non-linear activation function.

After stacking L layers of convolution, the embedding of herb node vi  at layer l can be expanded as:

	

z
(
l+1

)
i = σ

(
1

d
1
2
vi

∑
j:vi∈ej

1
δ2ej

∑
k:vk∈ej

z
(
l
)

k

d
1
2
vk

·Θ
(
l
)
)

	 (12)

It can be observed that each herb node not only directly aggregates information from its associated components but 
also indirectly acquires semantic information from other herbs through shared component hyperedges. Specifically, 
node vi  aggregates the embeddings of all herbs vk  within each hyperedge ej  it belongs to, with a weighting factor of 
1/δ2ej , which effectively suppresses the dominating effect of large hyperedges. This mechanism enables multi-hop, 
high-order co-occurrence semantic propagation in the component space. The final output Z(L)  serves as the structural 
representation of each herb in the component modality, providing high-order topological features for subsequent multi-
modal fusion.

2.2.3  Multi-order structural alignment with contrastive learning.  Due to the fundamental discrepancies between 
GCN and HyperGCN in relational modeling, the node representations learned by these two paradigms are typically 
embedded in heterogeneous latent spaces. Consequently, direct fusion may result in semantic inconsistency and potential 
information interference. To mitigate this issue, we propose a contrastive learning-guided gating-based fusion mechanism, 
based on the scalar gating mechanism, which facilitates the adaptive integration of multi-order structural information while 
explicitly aligning representations derived from different structural views, as illustrated in Fig 4. Notably, as the hypergraph 
is constructed solely within the herb node space, the multi-structure representation alignment is conducted exclusively on 
herb nodes.

Specifically, we first employ the gating mechanism to fuse the node representations derived from the two structural 
views. For each herb node i, let z(g)i  and z(h)i  denote its representations in the graph and hypergraph, respectively. The 
fusion weights are computed as follows, yielding the final representation:
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	 αi = σ(W[z
(
g
)

i ∥ z
(
h
)

i ])	

	 zi = αiz
g
i +

(
1 – αi

)
zhi 	

Here, αi  denotes the adaptive weight of a node across different structural representations, W ∈ R1×2d , input concatenated 
vectors [z

(
g
)

i ∥ z
(
h
)

i ] ∈ R2d  ensures dimensional consistency in gating weight calculations. To control model complexity and 
prevent overfitting, we adopt a lightweight scalar gating mechanism to weight the fusion of representations from different 
structures, thereby enhancing training stability while preserving expressive capacity. However, due to the semantic shift 
between the two structural spaces, relying solely on the gating mechanism for fusion may amplify the noise introduced by 
misaligned representations. To address this, we further introduce contrastive learning as an alignment constraint, explicitly 
aligning the multi-order representations prior to fusion.

Fig 4.  Multi-order structural alignment based on the gating fusion mechanism.

https://doi.org/10.1371/journal.pcbi.1014461.g004
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Specifically, for each herb node, its representation z(g)i  in the GCN is treated as an anchor, while the corresponding rep-
resentation z(h)i  in the HyperGCN serves as a positive sample. Negative samples are constructed from other nodes across 
the two structural views to enforce cross-view contrastive learning. We adopt a 1:n negative sampling strategy. Specifi-
cally, for each positive pair 

(
z(g)i , z(h)i

)
, we randomly sample n hypergraph representations z

(
h
)

k  of different nodes within 
the current mini-batch as negative samples, thereby constructing the following cross-view contrastive loss:

	

Lcon = –
∑
i

log
exp(sim(z

(
g
)

i , z
(
h
)

i )/τ )

exp(sim(z
(
g
)

i , z
(
h
)

i )/τ ) +
∑

k̸=i exp(sim(z
(
g
)

i , z
(
h
)

k )/τ ) 	 (13)

This loss encourages the representations of the same node across different structures to be close in the embedding 
space, while pushing apart the representations of different nodes, thereby achieving consistent alignment of multi-order 
structural semantic spaces. It is worth noting that negative samples are constructed only across views, without involv-
ing intra-view contrast, allowing the model to focus specifically on the cross-structure alignment task. Building on this, 
contrastive learning not only serves as an auxiliary supervisory signal but also acts as a regularization constraint for the 
gating-based fusion process. This encourages the gating mechanism to perform information selection within a unified 
semantic space, mitigating bias toward misaligned or noisy features and enabling more stable and reliable feature fusion.

Furthermore, at the global level, we formulate herb–disease association prediction as a supervised learning task and 
employ a weighted binary cross-entropy loss to alleviate class imbalance. This loss is defined as the supervised prediction 
loss:

	

Lpred = –
∑

(i,j)∈Y+
W+ log ŷij –

∑
(i,j)∈Y–

W– log(1 – ŷij)

	 (14)

Here, ŷij  denotes the predicted probability of an association between herb hi  and disease dj .W+ and W–  represent 
the weights for positive and negative samples, respectively, designed to mitigate class imbalance. By incorporating 
this weighting mechanism, we increase the contribution of positive samples in the loss function, thereby enhancing the 
model’s discriminative capability for the minority class. In practice, the weights are set according to the ratio of positive to 
negative samples, as follows:

	
W+ ∝ 1

| Y+ |
,W– ∝ 1

| Y– | 	

This ensures that the different categories have a relatively balanced influence during the training process. Finally, the 
overall optimization objective of the model is defined as:

	 L = Lpred + λLcon 	

Here, λ is used to balance the relative importance of representation alignment and the association prediction tasks. It 
is important to note that Lpred  directly optimizes the performance of association prediction, while Lcon  enforces consistency 
between representations from different structures; the two terms work synergistically within a unified framework. To further 
enhance the model’s generalization ability, node dropout is applied in certain graph convolutional layers, and standard 
dropout is employed during representation learning to prevent overfitting.

2.2.4  Prediction and joint optimization objective.  Finally, we employ a bilinear scoring mechanism to compute the 
herb-disease association scores. Specifically, let z(h)i ∈ Rd  and z(d)j ∈ Rd  denote the corresponding embedding vectors for 
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herb node hi  and disease node dj , respectively. We model the interactions between these nodes via a learnable bilinear 
weight matrix W ∈ Rd×d , and compute the association scores using the following equation:

	 ŷij = σ(Z(h)i WZ(d)j )	 (15)

Here, σ(·) denotes the sigmoid activation function, which maps the output to the [0,1] range, representing the probabil-
ity of an association between herb hi  and disease dj .

Compared to simple vector inner product or concatenation methods, the bilinear decoder introduces a learnable weight 
matrix W, enabling explicit modeling of interactions across different latent dimensions and capturing more complex 
feature crossover patterns. Essentially, the decoder implements a second-order feature interaction function, represent-
ing a weighted combination of latent semantic dimensions. Coupled with the previously described gating-based fusion 
and contrastive alignment mechanisms, the herb node representations zhi  have already integrated multi-order structural 
information within a unified semantic space. This provides a more consistent and discriminative foundation for the bilinear 
decoder to model herb–disease associations.

In other words, the graph encoder captures the heterogeneous network topology, the hypergraph encoder models 
higher-order component-sharing relationships among herbs, the gating module integrates multi-order graph representa-
tions, and the contrastive learning objective further enhances embedding quality. During training, the parameter matrix W 
is dynamically updated via backpropagation to fit known association patterns, thereby enhancing the model’s predictive 
capability and generalization performance for potential unknown associations.

2.3  Data flow

For clarity, we describe the data flow of the proposed model in a dimension-consistent manner. The model takes as input 
a standard adjacency matrix of size (2033,2033) and a hypergraph-based feature matrix of size (2033,7279). The stan-
dard feature matrix is processed by the GCN branch and projected into a latent space of size (2033,128) through multiple 
graph convolution layers, followed by layer-wise aggregation to obtain the final GCN embedding. In parallel, the hyper-
graph feature matrix is transformed into the same latent space (2033,128) and further refined via hypergraph convolution, 
resulting in the hypergraph embedding of size (2033,128). The two embeddings are then used to compute a similarity 
matrix of size (2033,2033) for contrastive learning. After cross-view alignment, they are fused into a unified representation 
of size (2033,128). The fused representation is subsequently divided into herb embeddings of size (321,128) and disease 
embeddings of size (1712,128), which are used to generate a prediction matrix of size (321,1712).

3  Experimental results

3.1  Experimental setup

To evaluate the performance of GHF-ACL, experiments were conducted using a self-constructed herb–disease 
association dataset, which integrates herbal medicinal properties and incorporates molecular hypergraphs based on 
herb–chemical mappings. We employed a five-fold cross-validation strategy to ensure robustness and assess generaliza-
tion capabilities. The dataset was randomly partitioned into five equal subsets; in each iteration, one subset served as the 
test set while the remaining four constituted the training set. This procedure was repeated five times, and the results were 
averaged to mitigate randomness and enhance statistical reliability.

Additionally, the Receiver Operating Characteristic (ROC) curve and the Precision-Recall (PR) curve were utilized 
to evaluate the model’s binary classification performance across varying thresholds. The ROC curve depicts the True 
Positive Rate (TPR) against the False Positive Rate (FPR), while the PR curve illustrates Precision against Recall. These 
metrics are calculated as follows:
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TPR = Recall =

TP
P

=
TP

TP + FN 	 (16)

	
FPR =

FP
N

=
FP

FP + TN 	 (17)

	
Precision =

TP
TP + FP 	 (18)

where TP, FP, and TN denote true positives, false positives, and true negatives, respectively.
For the supervised prediction task, positive samples consist of known herb–disease associations in the training set. 

Negative samples for supervised learning are randomly drawn from unobserved herb–disease pairs at a ratio of 1:10 
(positive to negative). For the cross-view contrastive learning objective, we adopt an InfoNCE-based strategy in which, for 
each anchor node, the representations of other herb nodes within the same mini-batch are treated as negative samples. 
Since the mini-batch composition varies across training iterations, the negative set is dynamically updated, which helps 
mitigate the bias introduced by fixed negative sampling.

To ensure clarity and consistency, we explicitly distinguish three types of negative samples used in different stages of 
the framework:

1.	Negative samples for supervised link prediction: sampled at 1:10 ratio during training;

2.	Negative samples for contrastive learning: dynamically constructed within mini-batches for cross-view alignment, inde-
pendent of association labels;

3.	Negative samples for evaluation: all unobserved herb–disease pairs in the test set are treated as negatives without any 
sampling, to reflect real-world imbalance.

This unified evaluation protocol is applied to both standard five-fold cross-validation (edge-level split) and node-level 
(cold-start) split to ensure fairness.

Given the highly imbalanced nature of the herb–disease association prediction task, AUPR is adopted as the primary 
evaluation metric, as it emphasizes the model’s ability to correctly identify positive associations. In contrast, accuracy can 
be misleading in such scenarios due to the predominance of negative samples. In addition, we also report other metrics, 
including AUC, F1-score, precision, and recall, to provide a complementary assessment of the model’s performance from 
multiple perspectives.

3.2  Experimental and comparative results

The performance of GHF-ACL was evaluated via five-fold cross-validation on the Hdata dataset. The specific AUROC and 
AUPR values for each fold are presented in Table 4, while the corresponding ROC and PR curves are illustrated in Fig 
5(a) and 5(b), respectively. The model achieved an average AUROC of 0.9312 and an average AUPR of 0.6586, indicat-
ing robust predictive performance on the HAD task. Furthermore, the high consistency observed across the five AUROC 
and AUPR values demonstrates the model’s stability. This conclusion is further corroborated by the close alignment of the 
five ROC curves depicted in Fig 5(a).

We compared our proposed model against six classical association prediction methods and five models specifically 
tailored for the HDA task. A brief overview of these baseline models is provided below:

•	 LAGCN [28]: Adaptively fuses feature representations across different layers of a graph convolutional network (GCN) 
via a layer-wise attention mechanism to address the over-smoothing problem inherent in traditional GCNs.



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014461  June 29, 2026 16 / 28

•	 HDGAT [29]: A Hierarchical Dual Graph Attention Network designed to model both the local and global semantics of 
drug–disease associations.

•	 DRWBNCF [30]: A collaborative filtering framework that combines deep residual networks with a Bayesian weighting 
strategy to effectively manage implicit feedback data.

•	 DD-HGNN+ [31]: A Dual-Domain Heterogeneous Graph Neural Network that integrates drug–disease associations with 
functional similarity information.

•	 AdaDR [32]: An adaptive deep regression model that jointly optimizes classification and regression objectives to 
enhance predictive robustness.

•	 DRAGNN [33]: A relational attention-based graph neural network that explicitly models multiple relationship types within 
drug–disease associations.

•	 HGHDA [12]: A Dual-Channel Hypergraph Convolutional Neural Network that integrates information regarding herb com-
ponents and targets.

Table 4.  Five-fold cross-validation results of the GHF-ACL model on Hdata.

Fold AUROC AUPR

Fold 1 0.932 0.663

Fold 2 0.936 0.665

Fold 3 0.929 0.653

Fold 4 0.930 0.662

Fold 5 0.929 0.650

Mean 0.9312 0.6586

https://doi.org/10.1371/journal.pcbi.1014461.t004

Fig 5.  Performance comparison of the GHF-ACL model on the Hdata dataset under 5-fold cross-validation. (a) ROC curves of the GHF-ACL 
model under 5-fold cross-validation on the Hdata dataset; (b) PR curves of the GHF-ACL model under 5-fold cross-validation on the Hdata dataset.

https://doi.org/10.1371/journal.pcbi.1014461.g005
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•	 HTInet-KNN [12]: A method utilizing the node2vec algorithm to learn feature representations of herbs and proteins within 
the network, subsequently employing a K-Nearest Neighbor (KNN) classifier.

•	 HTInet-RF [12]: A method utilizing the node2vec algorithm to learn feature representations of herbs and proteins within 
the network, subsequently applying a Random Forest (RF) classifier.

•	 GeNNius [34]: A graph neural network-based method for ultra-fast inference of drug–target interactions.

•	 HDCTI [35]: A graph learning framework that leverages hypergraph-based representation learning to model higher-order 
and complex relationships among herbs, enabling the prediction of novel targets for natural compounds.

To ensure fairness and transparency in the comparison, all baseline models are implemented and evaluated under a 
unified experimental protocol. Specifically:

(1)	 Data splitting: All methods adopt the same partition of training, validation, and test sets.

(2)	 Input features: All models are provided with identical input data, including herb–disease associations and node fea-
tures, without incorporating any additional external information.

(3)	 Negative sampling: A consistent random negative sampling strategy is applied across all methods to construct training 
instances. To better simulate real-world scenarios, the ratio of positive to negative samples is fixed at 1:10.

(4)	 Evaluation metrics: All methods are evaluated using the same metrics, including AUC, AUPR, and F1-score. Under 
the global negative sampling protocol, the task becomes significantly more challenging due to increased data sparsity. 
Therefore, AUPR is regarded as the primary evaluation metric, as it is more sensitive to precision in highly imbalanced 
settings.

The results in Tables 5 and 6 present a comparative analysis of various methods under five-fold cross-validation. 
GHF-ACL consistently outperforms the other models in AUPR, Recall, and F1 Score across all evaluated datasets, while 
AUC performance varies across datasets due to differences in class imbalance severity. Notably, GHF-ACL achieves the 
highest AUPR values across all three datasets. This indicates that the model possesses a robust capability for identifying 
positive samples, making it particularly effective for addressing the sample imbalance problem that is prevalent in associa-
tion prediction tasks.

On the LRSSL, Ldata, and Cdata datasets, GHF-ACL achieved AUPR improvements of 4.8%, 1.3%, and 3.81% 
respectively over the second-best performing methods, thereby demonstrating superior discriminative capability for posi-
tive samples. Additionally, the model attained a Recall of 0.9922 and an F1 Score of 0.8510, indicating high sensitivity to 
true positives while maintaining a balanced performance.

To further evaluate the generalization capability of the model in realistic scenarios, we introduce a more challenging 
node-level splitting strategy in addition to the conventional random edge split. Under this setting, nodes appearing in the 
test set are entirely unseen during the training phase, posing a stricter evaluation of model robustness. Furthermore, to 
ensure consistent and fair evaluation under this strict node-level protocol, we use the same evaluation setting as in five-
fold cross-validation: all unobserved herb–disease pairs in the test set are treated as negatives without sampling. This 
avoids evaluation bias and ensures comparability across all models. This design enables a more fine-grained evaluation 
of the model’s capability to distinguish subtle structural differences in local neighborhoods.We further benchmark our 
method against two state-of-the-art graph contrastive learning models, GeNNius and HDCTI, both of which are evaluated 
under this new protocol.

We adapted GeNNius [34] within a unified framework to ensure consistency with our method in terms of task definition 
and input format. Specifically, the original drug and target nodes in GeNNius were mapped to herb and disease nodes, 
respectively, and a bipartite graph was constructed based on known herb–disease associations. In this way, the original 
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drug–target prediction problem is naturally transformed into a herb–disease association prediction task. To guarantee a 
fair comparison, GeNNius was trained and evaluated under the same data splits, negative sampling strategy, and evalua-
tion metrics as our method.

Similarly, the original HDCTI [35] model was designed to predict interactions between natural compounds and bio-
logical targets, with its core relying on hypergraph-based representation learning to capture higher-order associations 
between compounds and targets. To adapt it to our task, we first performed a relation-level mapping, treating herb–dis-
ease associations as analogous to compound–target interactions in HDCTI. This allows the model to maintain its original 
architecture while aligning its prediction objective with the herb–disease association task.The results are summarized 
in Table 7. To ensure a fair and strict comparison, all baseline models are re evaluated under the same node level (cold 
start) split protocol.

While GHF-ACL did not consistently yield the highest Accuracy or Precision, it exhibited stable overall performance. 
Notably, it secured particularly strong results in AUPR and F1 Score, which are considered more reliable indicators 
of model efficacy in imbalanced scenarios. The discrepancy between AUC and AUPR indicates that, although some 

Table 5.  Performance comparison of different models on LRSSL, Ldata and Cdata datasets.

DataSet Model AUPR Accuracy Precision Recall F1 Score AUC

LRSSL LAGCN 0.3503 0.3955 0.0091 0.6875 0.0168 0.6044

HDGAT 0.0610 0.9976 0.0787 0.0855 0.0797 0.6394

DRWBNCF 0.2405 0.9693 0.3114 0.3027 0.2958 0.8933

DD-HGNN+ 0.7460 0.9996 0.9082 0.7624 0.8289 0.9991

AdaDR 0.4269 0.9947 0.5786 0.4038 0.4716 0.9023

DRAGNN 0.5082 0.9940 0.4943 0.5654 0.5274 0.9576

GHF-ACL 0.7821 0.9988 0.7247 0.9922 0.8510 0.9347

Ldata LAGCN 0.3007 0.9616 0.2892 0.3482 0.3140 0.8730

HDGAT 0.2665 0.9614 0.2762 0.3221 0.2964 0.8642

DRWBNCF 0.4274 0.8460 0.3794 0.5413 0.4460 0.8269

DD-HGNN+ 0.6886 0.9820 0.6527 0.6128 0.6325 0.9780

AdaDR 0.5381 0.8831 0.4932 0.5594 0.5228 0.8637

DRAGNN 0.4233 0.8524 0.3922 0.5190 0.4463 0.8184

GHF-ACL 0.6979 0.8140 0.6719 0.8865 0.5809 0.9273

Cdata LAGCN 0.1254 0.9679 0.0142 0.2354 0.0269 0.8063

HDGAT 0.0439 0.9861 0.0172 0.1122 0.0296 0.6593

DRWBNCF 0.2803 0.9883 0.3854 0.3029 0.3336 0.8685

DD-HGNN+ 0.8954 0.9995 0.8356 0.9336 0.8819 0.9996

AdaDR 0.6269 0.9939 0.7385 0.5375 0.6216 0.9449

DRAGNN 0.6133 0.9934 0.6848 0.5549 0.6122 0.9562

GHF-ACL 0.9295 0.9996 0.6355 0.9528 0.9241 0.8157

https://doi.org/10.1371/journal.pcbi.1014461.t005

Table 6.  Performance comparison of different models on Ethnobotany datasets.

DataSet Model AUPR Precision Recall F1 Score AUC

Ethnobotany HGHDA 0.9033 0.8196 0.8618 0.8400 0.9028

HTINet(KNN) 0.5785 0.5016 0.9956 0.6671 0.5707

HTInet(RF) 0.7529 0.5566 0.8918 0.6852 0.7218

GHF-ACL 0.9324 0.7217 0.9955 0.9885 0.9296

https://doi.org/10.1371/journal.pcbi.1014461.t006
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competing methods may achieve better overall ranking performance, GHF-ACL is more effective at prioritizing true posi-
tive associations, which is crucial in practical applications. Additionally, the slightly lower precision observed on the Cdata 
dataset can be attributed to its extreme sparsity. In such cases, GHF-ACL tends to emphasize higher recall to ensure 
broader coverage of potential associations.

Consequently, this architecture is particularly well-suited for TCM-based prediction tasks, where heterogeneous struc-
tures and sparse supervision present significant modeling challenges.

3.3  Visualisation results

To further evaluate whether the node representations learned by the model exhibit strong structural and semantic consis-
tency, we perform a quantitative assessment from two perspectives: clustering quality and biological semantics.

Fig 6(a) presents the similarity heatmap derived from 15 representative herbs, illustrating the pairwise similarities 
among them. The chromatic intensity in the heatmap corresponds to the degree of similarity, with darker hues indicating 
higher similarity. Observations reveal that herbs sharing similar therapeutic effects or pharmacological classifications (e.g., 
Ganjiang and Gaoliangjiang) exhibit pronounced high-similarity regions within the heatmap. This indicates that the model 
effectively captures pharmacological affinities among herbs within the embedding space. These results suggest that the 
model learns robust herb representations by integrating both network structure and semantic features, thereby establish-
ing a solid foundation for subsequent herb–disease association prediction.

Similarly, a selection of common disease nodes was utilized to compute pairwise similarities, with the resulting heatmap 
displayed in Fig 6(b). The analysis demonstrates that diseases associated with related pathological mechanisms exhibit 
distinct clustering patterns within the embedding space. This indicates that the model not only achieves effective structural 
representation learning for herbs but also captures semantic consistency at the disease level, which further supports the 
interpretability of the prediction results.

To improve interpretability, we employed PCA to visualize the clustering results. Unlike t-SNE, PCA preserves the 
global structure, rendering the observed clustering separation outcomes more reliable. As shown in the Fig 7, We fur-
ther labeled the representative herbs closest to the cluster centroids and observed that each cluster integrates multiple 
medicinal herbs with distinct pharmacological properties. To verify the semantic consistency of the learned embeddings, 
we manually examined the representative Chinese medicinal herbs nearest to the cluster centroids. For instance, one 
cluster contains herbs such as Codonopsis pilosula (Dangshen), Astragalus membranaceus (Huangqi), and Angelica 
sinensis (Danggui), which are commonly associated with tonic and immunomodulatory functions. In contrast, the other 
cluster includes herbs like Cinnamomum cassia (Guizhi) and Taxillus chinensis (Sangjisheng), which are primarily used for 
dispelling wind-dampness and treating exterior syndromes. This observation demonstrates that the learned embeddings 
can group Chinese medicinal herbs with similar pharmacological properties, further validating that the model is capable of 

Table 7.  Performance comparison of graph-based models on Hdata under the node-level split (cold-start) setting.

Dataset Model AUPR Precision Recall F1 Score AUC

Hdata GHF-ACL(Ours) 0.8912 0.8281 0.8880 0.8572 0.9247

GeNNius 0.5983 0.5751 0.7940 0.6650 0.7054

HDCTI 0.7292 0.7034 0.8040 0.7435 0.8103

LAGCN 0.4377 0.3820 0.7652 0.5102 0.6235

HDGAT 0.3584 0.3129 0.7281 0.4362 0.5898

DD-HGNN+ 0.7423 0.7215 0.8127 0.7646 0.8581

AdaDR 0.3689 0.3452 0.6893 0.4596 0.6078

DRAGNN 0.5588 0.5230 0.7617 0.6203 0.7289

https://doi.org/10.1371/journal.pcbi.1014461.t007



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014461  June 29, 2026 20 / 28

capturing meaningful biological semantics. Additionally, we calculated the average intra-cluster and inter-cluster distances 
in the embedding space.Intra-class distance:

	

dintra =
1

| C |2
∑
i,j∈C

∥ zi – zj ∥
	 (19)

Distance between classes:

	

dinter =
1

| C1 || C2 |

∑
i∈C1,j∈C2

∥ zi – zj ∥
	 (20)

We calculate the average distances within and between classes in the embedding space in Table 8. The experimental 
results show that:

	 dintra < dinter 	

The clustering metrics indicate that, although the separation between clusters is not particularly pronounced, the 
learned embedding vectors still exhibit a certain degree of structural organisation.

3.4  Ablation experiments

To rigorously evaluate the impact of each key module on model performance, we designed a comprehensive set of 
ablation experiments. Utilizing the herb–disease dataset (results shown in Fig 8) and the open standard dataset LRSSL 
(results shown in Table 9), we compared the proposed model against four specific variants:

Fig 6.  Similarity heatmaps of herbs and diseases. The color shades indicate the semantic similarity between nodes, where darker colors represent 
higher similarity‌‌. (a) Fifteen herbs similarity heatmap. (b) Fifteen diseases similarity heatmap.

https://doi.org/10.1371/journal.pcbi.1014461.g006
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•	 w/o High-order Heterogeneous Structure: This variant removes the hypergraph constructed from herb–chemical 
compositions, retaining only the first-order herb–disease graph structure.

•	 w/o Structural Interaction Alignment: This variant replaces the adaptive gating fusion mechanism with simple 
concatenation.

•	 w/o Hierarchical Contrastive Loss: This variant eliminates the local bi-level contrastive learning loss, retaining only 
the cluster-level contrast as the optimization objective.

•	 w/o Cluster-level Contrastive Loss: This variant excludes the cluster-level contrastive component, retaining only the 
local contrast as the optimization objective.

The quantitative results of these ablation studies on the two datasets are presented in Table 9 and Fig 8, respectively.
The performance of these variants was benchmarked against the full GHF-ACL model using five-fold cross-validation 

on the HData dataset. The results, summarized in Fig 8, underscore the critical contribution of each constituent module.
In particular, the exclusion of the hypergraph component precipitated a substantial decline in Recall (13.69%) and AUC 

(0.3445). This confirms that high-order semantic associations among herbs, induced by shared chemical constituents, 
are indispensable for identifying true positive links between herbs and diseases. Furthermore, replacing the structural 
alignment module with a naive fusion strategy resulted in the most significant deterioration in performance, with AUC 

Fig 7.  Figure PCA visualization of the learned herb embeddings for fold_2, with a silhouette score of 0.2259. The embeddings are clustered into 
two distinct groups, with representative herbs labeled near the cluster centroids. The visualization demonstrates that the model effectively groups herbs 
with similar pharmacological properties, validating the semantic consistency of the learned representations.

https://doi.org/10.1371/journal.pcbi.1014461.g007
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decreasing by 0.4342 and Recall by 33.16%. This suggests that inconsistent representations across structural views sig-
nificantly impair the model’s discriminative capability regarding associated and unassociated pairs.

Moreover, the removal of hierarchical contrastive learning led to a marked increase in Log Loss (+0.2058) and a reduc-
tion in F1 Score (-22.93%), reflecting weakened generalization and a suboptimal trade-off between precision and recall. 
Notably, ablating the cluster-level contrast exerted a more deleterious impact than removing the local contrast alone, 
resulting in a 22.14% drop in F1 Score and a 0.3215 decrease in AUC. This indicates that global supervision plays a domi-
nant role in learning reliable herb–disease association patterns.

Table 8.  Intra- and inter-distance for each category.

Category Intra-distance Inter-distance

1 0.571 1.175

2 0.413 1.123

https://doi.org/10.1371/journal.pcbi.1014461.t008

Fig 8.  Comparative results of ablation experiments in Hdata.

https://doi.org/10.1371/journal.pcbi.1014461.g008

Table 9.  Comparative results of ablation experiments in LRSSL dataset.

Model Variant Loss Accuracy Precision Recall F1 Score AUC

Full Model 0.2814 0.99877 0.7247 0.9922 0.8510 0.9347

w/o High-order Heterogeneous Structure 1.09994 0.63682 0.2808 0.9597 0.4345 0.8672

w/o Structural Interaction Alignment 0.84918 0.37407 0.2855 0.9329 0.5456 0.8847

w/o Hierarchical Contrastive Loss 0.88720 0.28183 0.1914 0.9022 0.2459 0.8719

w/o Cluster-level Contrastive Loss 0.82725 0.46601 0.3781 0.9453 0.5901 0.8867

https://doi.org/10.1371/journal.pcbi.1014461.t009
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Overall, the full GHF-ACL model consistently outperforms all ablated variants. These results validate the necessity of 
integrating high-order structure modeling, attention-guided cross-graph fusion, and hierarchical contrastive learning to 
achieve robust and interpretable HDA prediction.

3.5  Experimental settings and hyperparameter analysis

The proposed model is implemented in Python, and all experiments are conducted under a unified configuration. The 
embedding dimension d is selected from {64, 128, 256}, and is finally set to 128. The learning rate η  is searched within 
{0.001, 0.005, 0.01}, and 0.01 is chosen to ensure stable convergence.

To mitigate overfitting and oversmoothing in the heterogeneous graph, Dropout is applied on both structural and feature 
representations. Specifically, adjacency Dropout is set to 0.7, and feature Dropout is set to 0.5. The weight of the similarity 
loss λ is selected from {1, 3, 6, 10}, with the optimal value determined as 6. The maximum number of training epochs is 
set to 5000 to ensure sufficient optimization. Empirically, the model converges around 700 epochs, after which perfor-
mance stabilizes with negligible improvement, indicating a well-behaved training process. To guarantee reproducibility, all 
experiments adopt a fixed random seed of 42.

Herb features are represented by 642-dimensional vectors, obtained by concatenating 321-dimensional chemical fea-
tures with 321-dimensional similarity-based descriptors. Disease features are represented by 1712-dimensional vectors, 
derived from disease semantic similarity.

Notably, all hyperparameters are selected based on a combination of common practices in graph representation 
learning and empirical validation. In particular, the embedding dimension balances representational capacity and overfit-
ting risk; Dropout rates are adjusted to alleviate oversmoothing in dense graph structures; and the similarity loss weight 
is introduced to balance structural learning and representation alignment, with its value determined through validation 
experiments.

To investigate the impact of model depth, we conducted combinatorial experiments by varying the number of GCN 
layers from 2 to 5 and HyperGCN layers from 1 to 4. The corresponding performance variations are illustrated in Fig 9. 
Empirical results indicate that the model achieves optimal performance, particularly in terms of AUC and AUPR, when 
configured with 4 GCN layers and 3 HyperGCN layers. This suggests that this specific depth combination facilitates the 
capture of richer semantics within the graph structure.

Within the structural interaction module, the adaptive gating mechanism outperforms naive aggregation (i.e., direct 
concatenation), demonstrating superior representational consistency across structural views.

Furthermore, multi-order structural alignment with contrastive learning was employed to refine the consistency of herb 
and disease embeddings. Both cross-view contrastive learning loss and supervised prediction loss were introduced to 
model global herb–disease associations and local herb–chemical relationships, respectively. A grid search strategy was 
used to explore λcontrastive , with performance evaluated via cross-validation using AUC and AUPR. The performance trends 
under different settings are presented in Fig 10. The optimal contrastive loss weight was determined to be 0.5, which bal-
ances the contrastive loss and the supervised prediction loss and effectively enhances the alignment of herb and disease 
embeddings.

4  Case study

To demonstrate the practical utility of GHF-ACL, the model was employed to predict associations within unlabelled herb–
disease pairs. The top fifteen candidates, ranked by their confidence scores, are presented in Table 10. In the following 
section, we provide a detailed analysis of the highest-ranked herb–disease pair.

It should be noted that all of these top-15 predicted associations do not exist in the original training set, eliminating 
any possibility of data leakage. From the perspective of the hypergraph, i.e., in the high-order embedding space, NiuXi is 
semantically closer to herbs known to treat skin diseases or skin tumors (including Yuanhua, Hai Feng Teng, and Xinyi) 
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than in the first-order embedding space. This may indirectly guide the model to infer its potential association with skin 
tumors.

Niuxi (Achyranthes bidentata Radix), derived from the dried roots of Achyranthes bidentata, is a prominent herb in 
Traditional Chinese Medicine. The roots are typically harvested in winter following the senescence of stems and leaves, 
then processed to remove soil and rootlets before being sun-dried. In TCM theory, Niuxi is reputed for its ability to tonify 
the liver and kidneys, strengthen the musculoskeletal system, and promote the downward movement of blood; it is widely 
prescribed for conditions such as rheumatic arthralgia and weakness in the lower back and knees.

In recent years, modern pharmacological research has highlighted the potential of Niuxi in oncology, particularly regard-
ing endocrine tumors. Alamri et al. [36] demonstrated that polysaccharides isolated from A. bidentata exhibit immunomod-
ulatory, antitumor, and hepatoprotective activities, specifically targeting the highly mutated driver genes BRAF and NRAS 
in thyroid cancer. Notably, BRAF and NRAS are also the most prevalent driver mutations in melanoma. Furthermore, 
a study by Dong et al. [37] indicated a potential causal association between thyroid dysfunction and chronic cutaneous 
malignant melanoma.

Corroborating these findings, our model predictions support this biological hypothesis. Among all unlabelled herb–
disease associations, the Niuxi–Skin Neoplasms pair achieved the highest prediction score. This suggests that Niuxi 
may exert a therapeutic effect on skin cancers, such as melanoma, potentially through the modulation of shared BRAF/
NRAS-related signaling pathways.

5  Conclusion

Research on herb–disease association (HDA) prediction has historically been constrained by data scarcity and the com-
plexity of structural patterns. To address this, we constructed the first standardized and reproducible benchmark dataset 
for HDA by structuring heterogeneous information regarding herbal components, properties, and disease associations, 
thereby filling a critical gap in public resources.

Fig 9.  Experimental results with different layers.

https://doi.org/10.1371/journal.pcbi.1014461.g009
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Building on this foundation, we propose GHF-ACL, a novel framework that integrates higher-order structural modeling 
with multi-level semantic contrastive learning. This approach effectively aligns cross-view representations while preserving 
the intrinsic complexity of herbal data. Furthermore, a structural semantic interaction module is introduced to dynamically 
fuse herbal features across graph orders, alleviating issues of information redundancy and inconsistency.

Extensive experiments demonstrate that GHF-ACL achieves superior performance in AUPR, Recall, and F1 Score 
on both herbal and cross-domain datasets, demonstrating particular strength in identifying true positive associations 
under class-imbalanced conditions. Ablation studies further validate the efficacy of each individual module. Overall, this 
work presents significant innovations in both data resource construction and methodological design, establishing a solid 

Fig 10.  Experimental results with different weights λ_contrastive.

https://doi.org/10.1371/journal.pcbi.1014461.g010

Table 10.  Top 15 predicted herb–disease associations by GHF-ACL with the highest recommenda-
tion scores.

Herb Disease Name Recommendation Score

Niuxi Skin Neoplasms 0.9750

Baqia Chronic Periodontitis 0.9675

Shiwei Prosopagnosia 0.9673

Kunbu Infertility, Female 0.9667

Zhebeimu Myotonia 0.9643

Kunbu Primary Myelofibrosis 0.9508

Manjingzi Hoarseness 0.9507

Huhuanglian Mitochondrial Diseases 0.9424

Aiye Anemia, Iron-Deficiency 0.9422

Lulutong Amblyopia 0.9238

Baibu Kallmann Syndrome 0.9190

Kudiding Gastroesophageal Reflux 0.9032

Yadanzi Renal Insufficiency, Chronic 0.8784

Badou Pneumothorax 0.8664

Chuanxiong Dementia 0.8500

https://doi.org/10.1371/journal.pcbi.1014461.t010
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foundation for future HDA research and promoting the modernization of Traditional Chinese Medicine (TCM) and drug 
discovery.

6  Discussion

The strong performance of GHF-ACL can be attributed to its ability to jointly model higher-order structural relationships 
and semantic consistency across multiple views. Unlike traditional pairwise graph representations, the hypergraph for-
mulation captures complex interactions among herbs and their constituent components, enabling a more comprehensive 
characterization of herbal properties. In addition, the contrastive learning strategy enhances representation robustness 
by aligning embeddings from different structural and semantic perspectives. The structural semantic interaction module 
further facilitates effective information integration across graph orders, reducing redundancy and improving feature consis-
tency. These design choices collectively contribute to the improved predictive performance observed in our experiments.

Nevertheless, while the hypergraph-based representation enables the modeling of higher-order relationships between 
herbs and their constituent components, it inherently relies on the assumption that shared chemical components may indi-
cate potential functional similarity among herbs. However, in real-world scenarios, the therapeutic effects of herbs are also 
influenced by factors such as dosage, synergistic interactions, and specific biological contexts.

Recent studies have demonstrated that heterogeneous information networks and geometric deep learning are highly 
effective in modeling complex biomedical associations. Inspired by these advances, future research could consider 
extending our framework by incorporating structure-aware mechanisms and biologically informed representation learning, 
thereby further enhancing the model’s interpretability and generalization capability.
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