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Abstract

The human microbiota is essential for maintaining physiological homeostasis, and microbial
dysbiosis is increasingly implicated in the pathogenesis of complex diseases. Identifying
potential microbe-disease associations (MDAs) can therefore facilitate mechanistic inves-
tigation, biomarker discovery, and therapeutic development. However, wet-laboratory
validation is costly and time-consuming, while existing computational methods often
struggle with sparse association networks and complex nonlinear interactions. We pro-
pose a novel deep learning approach named the Dual Dynamic Hypergraph Convolution
Framework for Human Microbe-Disease Association Prediction (DDHMDA). Specifically,
DDHMDA first utilizes graph convolutional networks to encode local topological features.
Subsequently, it dynamically constructs a dual hypergraph architecture: a differentiable
K-means similarity hypergraph to capture intra-modal global clustering patterns, and an
attention-based cross-modal interaction hypergraph to model inter-modal interactions
synergistically. Under leakage-free pair-level five-fold cross-validation (denoted as CV3),
DDHMDA achieved AUC/AUPR values of 0.9789 ± 0.0177/0.9843 ± 0.0129 on HMDAD
and 0.9651 ± 0.0042/0.9740 ± 0.0031 on Disbiome. DDHMDA also obtained the best
overall CV3 performance among the eight evaluated methods. Furthermore, ablation
experiments and case studies validate the practical effectiveness of individual modules and
the biological interpretability in discovering novel MDAs. Therefore, DDHMDA would be
a reliable tool for identifying potential MDAs.

Keywords: microbe; dynamic hypergraph convolution; microbe-disease association;
association prediction

MSC: 68T007

1. Introduction
Microorganisms widely inhabit diverse ecological niches of the human body, including

the gut, skin, oral cavity, and respiratory tract, forming a complex microbial ecosystem
known as the human microbiome [1–4]. Advances in high-throughput sequencing and
metagenomic analysis have revealed that microbial communities play essential roles in
host metabolism, immune regulation, and maintenance of physiological homeostasis [2,5].
Microbes have emerged as key players in the pathogenesis of multiple human diseases [6].
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Accumulating evidence demonstrates specific associations between microbes and human
diseases [4,7–10]. For instance, Fusobacterium nucleatum promotes colorectal tumorigenesis
through immune modulation and inflammatory signaling [11]. Altered gut microbiota
profiles have been observed in Parkinson’s disease patients, suggesting microbiome involve-
ment in neurodegeneration [12]. Moreover, it is revealed that enrichment of Prevotella copri
has been associated with rheumatoid arthritis and host inflammatory activation [13]. Recent
studies further indicate microbiome participation in metabolic and cardiovascular diseases
through host-microbe metabolic interactions [14], and microbiota-derived metabolites have
been implicated in modulating systemic immune responses [15]. In addition, microbiome
perturbations have been linked to variability in cancer immunotherapy responses [16].
These findings collectively suggest that microbes participate in disease pathogenesis rather
than acting as passive colonizers. Therefore, identifying potential microbe-disease as-
sociations (MDAs) is important for understanding disease mechanisms and improving
diagnosis as well as therapeutic strategies. However, traditional biological experiments
are costly and time-consuming, making it impractical to validate all candidate associations
exhaustively. Computational prediction of MDAs provides an efficient complementary
strategy by prioritizing candidate associations for experimental verification and enabling
systematic exploration of MDAs.

Currently, researchers have proposed numerous computational model-based methods
to predict the potential MDAs, and these previous models have achieved relatively ideal
research results. However, there are still plenty of limitations. The performance of network
propagation-based methods relies heavily on the completeness of the network structure,
and their adaptability to sparse networks or scenarios involving new microbes and new dis-
eases is limited. Matrix factorization and completion-based methods usually assume that
the association relationships satisfy a linear low-rank structure, making it difficult to charac-
terize the complex and nonlinear interactive relationships between microbes and diseases.
Moreover, machine learning-based methods treat microbe-disease association prediction as
a supervised or semi-supervised learning task, automatically modeling microbes, diseases,
and their interactive features through feature engineering or representation learning. They
possess stronger non-linear modeling capabilities and flexibility, but their performance
often depends on high-quality feature construction and the scale of labeled samples, while
their model complexity and training costs are relatively high.

To overcome the aforementioned limitations, particularly the difficulty in capturing
high-order non-linear interactions and the vulnerability to sparse network structures, we
propose a novel deep learning approach named the Dual Dynamic Hypergraph Convolu-
tion Framework for Human Microbe-Disease Association Prediction (DDHMDA). Unlike
traditional graph-based methods that rely on fixed pairwise connections, DDHMDA dy-
namically learns high-order topological structures in an end-to-end framework. Specifically,
the framework first encodes local features using a linear transformation and the GCN
method. Subsequently, it constructs a dual dynamic hypergraph: a differentiable K-means
similarity hypergraph to capture intra-modal global clustering patterns, and a cross-modal
interaction hypergraph to model the synergistic effects between microbes and diseases.
Finally, the model concatenates the four sets of embeddings for a given microbe-disease pair,
and the fused feature embedding is fed into a prediction module to obtain the predicted
association score. Extensive experiments evaluated via 5-fold cross-validation (CV) under
three distinct settings (disease-level, denoted as CV1; microbe-level, denoted as CV2; and
pair-level, denoted as CV3) demonstrate the robust generalization capability of DDHMDA
across varying degrees of network sparsity and novel entity scenarios, namely HMDAD
and Disbiome benchmark datasets. Herein, CV3 is used as the main evaluation setting,
while the more stringent CV1 and CV2 cold-start results are reported in Appendix A.
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Under CV3, DDHMDA achieves Area Under the ROC Curve (AUC)/Area Under the
Precision-Recall Curve (AUPR) values of 0.9789/0.9843 on HMDAD and 0.9651/0.9740
on Disbiome, respectively. Ablation experiments quantify the contribution of each compo-
nent, and the existing asthma and Inflammatory Bowel Disease (IBD) case studies provide
complementary biological validation. The top-ranked candidate associations prioritized
by DDHMDA were strongly corroborated by recent independent biological and clinical
literature, demonstrating the model’s high reliability and strong biological interpretability
for real-world biomarker discovery.

The main contributions of DDHMDA are summarized as follows:

• Leakage-free evaluations on HMDAD and Disbiome show that DDHMDA achieves the
best overall CV3 performance among the eight evaluated methods. The supplementary
CV1 and CV2 experiments further characterize its behavior under disease-level and
microbe-level cold-start conditions.

• We propose a dual dynamic hypergraph convolution network that jointly captures
intra-modal high-order similarities and inter-modal interactions. Differentiable K-
means clustering enables the similarity-hypergraph topology to be optimized during
training instead of relying on a fixed, manually specified structure.

• We specifically design an interaction hypergraph mechanism where nodes from one
modality attend to the hyperedge cluster centers of the other. This effectively cap-
tures the complex and non-linear inter-dependencies between microbes and diseases,
directly alleviating the limitations of traditional linear matrix factorization methods.

The remainder of this paper is structured as follows: Section 2 summarizes the related
work on microbe-disease association prediction. Section 3 introduces the datasets, similarity
construction, and the proposed DDHMDA framework in detail. Section 4 presents the
experimental settings, performance comparisons, ablation studies, and case study results.
Finally, Section 5 discusses the main findings, limitations, and future research directions.

2. Related Work
MDA prediction models can be mainly divided into three categories: network

propagation-based methods, matrix factorization, and completion-based methods, and
machine learning-based methods.

2.1. Network Propagation-Based Methods

Network propagation-based methods infer potential MDA by modeling the topologi-
cal relationships between nodes in a heterogeneous microbe-disease network and utilizing
network structures or propagation mechanisms of path information. Chen et al. [17] pro-
posed a KATZ centrality metric-based method called KATZ measure for Human Microbe-
Disease Association prediction (KATZHMDA) to obtain the potential MDA scores by
calculating the weighted sum of all possible paths between microbe nodes and disease
nodes. Subsequently, the Path-Based Human Microbe-Disease Association (PBHMDA) pre-
diction method proposed by Huang et al. [18] further adopts a path enumeration strategy,
systematically traversing various types of path structures in the heterogeneous network
using depth-first search, and scoring unknown microbe-disease pairs based on path lengths
and node weights. Guan et al. [19] proposed the Bi-Directional Heterogeneous Network
Selection (BDHNS) model by introducing a bi-directional heterogeneous network selection
mechanism, which performs random walk processes on the microbe network and the
disease network, respectively, to achieve bi-directional propagation and information fusion,
thereby improving the stability and robustness of potential association prediction.
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2.2. Matrix Factorization and Completion-Based Methods

Matrix factorization and completion-based methods infer unknown associations by
modeling the MDA prediction as a low-rank matrix completion problem from an overall
structural perspective. For instance, He et al. [20] introduced the Graph Regularized Non-
negative Matrix Factorization for Human Microbe-Disease Association (GRNMFHMDA)
prediction model by adding a graph regularization constraint term into the non-negative
matrix factorization framework, enabling the representations of microbes and diseases
in the latent space to preserve both the original association structure and the geometric
properties of similarity networks. The Matrix Completion for Human Microbe-Disease
Associations (MCHMDA) method proposed by Yan et al. [21] is based on low-rank ma-
trix completion theory and incorporates a fast singular value thresholding algorithm to
reconstruct the association matrix, thereby effectively alleviating the modeling difficulties
caused by the highly sparse nature of microbe-disease data. Liu et al. [22] proposed Mini-
mizing Matrix Nuclear Norm for Microbe-Disease Association (MNNMDA) prediction by
formalizing the MDA prediction problem as a matrix completion model with nuclear norm
minimization and introducing a sparse regularization term to enhance robustness against
noisy data.

2.3. Machine Learning-Based Methods

Machine learning-based methods typically model MDA prediction as a supervised
learning problem, utilizing known MDAs as labeled samples to learn the mapping relation-
ships between microbes and diseases in the feature space, and subsequently predicting po-
tential MDA. For example, Wang et al. [23] proposed Laplacian Regularized Least Squares
for Human Microbe-Disease Association (LRLSHMDA) via building semi-supervised clas-
sifiers in the microbe and disease space based on the Laplacian regularized least squares
framework, and inferred potential MDAs by fusing the prediction results of the two spaces.
By introducing graph Laplacian regularization terms, this method enables the model to
fully utilize the structural information of microbe and disease similarity networks during
the prediction process, thereby explicitly depicting the topological structure of the similarity
network while leveraging the known association information. Long et al. [24] put forward
the GATMDA model by introducing graph attention networks to perform end-to-end
representation learning on the heterogeneous network composed of microbes and diseases,
and combining an inductive matrix completion to model the interactive relationships be-
tween nodes. GATMDA utilizes a multi-head attention mechanism to perform weighted
aggregation of neighbor nodes, effectively enhancing node representations, and realizes
the prediction of unknown associations through an inductive matrix completion method.
Furthermore, Peng et al. [25] presented the graph attention autoencoder, positive-unlabeled
learning, and deep neural network for Microbe-Disease Association (GPUDMDA) predic-
tion method by integrating a graph attention autoencoder, positive-unlabeled (PU) learning
strategies, and deep neural network structures to enhance the feature representation ca-
pabilities of microbe-disease pairs from multiple perspectives. By jointly modeling graph
structure information and sample annotation information, this method achieves a more
comprehensive characterization of potential association relationships and introduces deep
non-linear mapping in the prediction stage to improve the model’s expressive capabilities.
The GCDSAEMDA model introduced by Wang et al. [26] performs weighted aggregation
on heterogeneous neighbor nodes through the graph attention mechanism, and utilizes the
sparse autoencoder to extract high-order latent features. Then, the heterogeneous graph
attention network is combined with the deep sparse autoencoder for joint representation
learning of multi-source features. Finally, an ensemble learning algorithm is employed to
classify and predict the potential MDAs. Recent MDA models further combine heteroge-
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neous graph learning, hypergraph convolution, and contrastive representation learning.
DCGHCN jointly exploits graph and hypergraph channels to capture complementary
structural information [27]; DMCFMDA performs dual-channel multi-source cross-modal
fusion with contrastive learning [28]; and GRNCFMDA combines heterogeneous graph
random attention with neural collaborative filtering [29]. Together with GCDSAEMDA and
the PU-learning-based GPUDMDA, these methods provide a broader set of contemporary
baselines for evaluating DDHMDA.

3. Materials and Methods
3.1. Human Microbe-Disease Associations

In this study, two public databases, HMDAD [7] and Disbiome [30], were utilized
for model evaluation. HMDAD is a relatively small-scale dataset and its original data
contains 39 diseases, 292 microbes, and 483 microbe-disease associations. After remov-
ing duplicates, 450 association pairs are retained. Disbiome is a larger-scale database,
encompassing 375 diseases, 1615 microbes, and 10,866 association pairs. After duplicate
removal, 8697 association pairs consisting of 1584 microbes and 355 diseases were finally
obtained (see Table 1). There are obvious differences in scale and complexity between the
two databases. The former is suitable for verifying the stability of the model in relatively
sparse scenarios with fewer samples, while the latter can test the generalization ability
and robustness of the model in large-scale and highly heterogeneous scenarios. Therefore,
combining a large and a small dataset allows for a more comprehensive evaluation of
the predictive performance of the proposed model from the perspectives of different data
distributions and network structure characteristics.

Table 1. Statistics of the microbe-disease association databases.

Datasets Microbes Diseases Associations

HMDAD 292 39 450
Disbiome 1584 355 8697

Based on the above association pair data, we represent the MDAs as an association
matrix Y ∈ RNd×Nm , where the numbers of diseases and microbes are Nd and Nm, respec-
tively. Elements with a value of 1 in the association matrix correspond to known verified
associations, while elements with a value of 0 represent potential unconfirmed associations,
which can be specifically expressed as:

Yij =

{
1, i f there is an association between disease i and microbe j
0, otherwise

(1)

3.2. Semantic Similarity of Diseases

The semantic relationships between diseases are modeled based on a Directed Acyclic
Graph (DAG) constructed by the Disease Ontology (DO). Referring to the method proposed
by Wang et al. [31], the hierarchical structure of diseases in the DAG is utilized to calculate
the semantic contribution values of diseases, thereby characterizing the semantic similarity
between diseases. Specifically, for any disease d, the semantic contribution of node x to
disease d is defined as follows:

Cd(x) =

{
1 , x = d

max{λ · Cd(y)|y ∈ child(x)}, x ̸= d
(2)
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where λ is the semantic decay coefficient (it is set at 0.5), used to control the degree of decay
when semantic information propagates upwards along the hierarchical structure.

The semantic value of disease d is defined as the cumulative sum of the semantic
contribution values of its node and all its ancestor nodes, namely:

S(d) = ∑
x∈P(d)

Cd(x) (3)

where P(d) represents the node set of disease d in the DAG, including d itself and all its
ancestor nodes.

Based on the above definition, the semantic similarity between any two diseases dp

and dq is calculated as follows:

Simsem(dp, dq) =
∑x∈P(dp)∩P(dq) (Cdp(x) + Cdq(x))

S(dp) + S(dq)
(4)

3.3. Functional Similarity of Microbes

The functional similarity of microbes is based on the assumption that microbes
with similar association patterns at the disease level tend to share higher functional
similarities [32]. Accordingly, the functional similarity of microbes is quantified through
the semantic relationships between their associated disease sets. Let the sets of diseases
associated with microbes mu and mv be respectively:

Du = {du1, du2, . . . , duα} (5)

Dv =
{

dv1, dv2, . . . , dvβ

}
(6)

For any disease dui ∈ Du, its similarity with the disease set Dv is defined as:

H(dui,Dv) = max
d∈Dv

Simsem(dui, d) (7)

where Simsem(·, ·) denotes the semantic similarity between diseases.
On this basis, the functional similarity between microbes mu and mv is defined as the

average of the similarities between the two disease sets:

FS(mu, mv) =
∑α

i=1 H(dui,Dv) + ∑
β
j=1 H(dvj,Du)

α + β
(8)

3.4. GIP Similarity of Diseases and Microbes

In this study, the Gaussian Interaction Profile (GIP) kernel function is adopted to mea-
sure the similarity between microbes and diseases. This method transforms the interactive
differences between entities into a quantifiable similarity measure by mapping association
patterns into a Gaussian kernel space. Let the association matrix be Y, where the row
vectors and column vectors represent the interaction features of microbes and diseases,
respectively. For any two diseases dp and dq, their GIP similarity is defined as:

Kd(dp, dq) = exp(−ηd||y·p − y·q||2) (9)

where y·p represents the column vector of the disease dp in the association matrix.
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The bandwidth parameter in the kernel function is adaptively determined by the
overall scale of the interaction features, specifically defined as:

ηd =
κd

1
Nd

∑Nd
p=1 ||y·p||2

(10)

where Nd represents the number of diseases. κd is a normalization coefficient, which is set
to 1 in this study.

Similarly, for any two microbes mu and mv, their GIP similarity is calculated as:

Km(mu, mv) = exp(−ηm||yu· − yv·||2) (11)

where yu· represents the row vector of the microbe mu in the association matrix. The kernel
bandwidth parameter is defined as:

ηm =
κm

1
Nm

∑Nm
u=1||yu·||2

(12)

where Nm represents the number of microbes and κm is a normalization coefficient, which
is set to 1 in this paper.

3.5. Similarity Integration

Given that disease semantic similarity and microbe functional similarity generally
suffer from sparsity issues in real-world data, this study uniformly integrates multi-source
similarity information to obtain more robust feature representations of disease and microbe
similarity. Specifically, we respectively integrate the semantic/functional similarity with
the GIP similarity to construct a comprehensive similarity matrix.

For a disease pair (dp, dq), the comprehensive similarity is defined as:

Sd = S̃d(dp, dq) =

{
1
2 (Simsem(dp, dq) + Kd(dp, dq)), Simsem(dp, dq) ̸= 0

Kd(dp, dq), otherwise
(13)

Similarly, for a microbe pair (mu, mv), the integrated similarity is defined as:

Sm = S̃m(mu, mv) =

{
1
2 (FS(mu, mv) + Km(mu, mv)), FS(mu, mv) ̸= 0

Km(mu, mv), otherwise
(14)

3.6. DDHMDA

In this paper, we propose DDHMDA for predicting the potential human microbe-
disease associations. DDHMDA consists of four parts: (1) local feature encoding; (2) dy-
namic hypergraph construction; (3) hypergraph convolution module; (4) prediction module.
The overall framework of DDHMDA is illustrated in Figure 1, and the detailed implemen-
tation of each module is presented as follows.

(1) Local feature encoding
Initially, to obtain the local representations of microbes and diseases, we input the

integrated similarity of microbes and diseases, namely Sm ∈ RNm×Nm and Sd ∈ RNd×Nd ,
into a linear transformation and GCN module. Specifically, we first construct a K-Nearest
Neighbor (KNN)-based topological graph for both microbes and diseases based on their
respective integrated similarity matrices. To ensure topological symmetry and numerical
stability, the adjacency matrices are symmetrized, augmented with self-loops, and subse-
quently row-normalized to obtain the normalized adjacency matrix Ad

norm and Am
norm. For

the initialization of node attributes, we adopt a row-based linear projection strategy. For
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either the microbe or disease modality, its initial similarity matrix (generically denoted as S,
which corresponds to Sm or Sd) is directly utilized as the initial node attributes. It is then
projected into a low-dimensional embedding space via a linear transformation:

X(0) = LayerNorm(Dropout(SWproj + b)) (15)

where S ∈ RN×N is the input similarity matrix, Wproj ∈ RN×d is a learnable weight matrix,
b is the bias term, and N and d represent the dimension of the similarity matrix and
the embedding.

Figure 1. Overall architecture of DDHMDA. Fold-specific integrated microbe and disease similarities
are first encoded by local KNN-GCN branches. A differentiable K-means similarity hypergraph and
an attention-based interaction hypergraph then capture intra-modal and cross-modal high-order
structure, respectively. Their embeddings are fused for microbe-disease association prediction.

Subsequently, a multi-layer GCN is employed to capture local topological information [29].
To mitigate the over-smoothing problem and stabilize the training process, we introduce
L2 norm normalization and residual connections during message passing. The message
passing at the l-th layer is defined as:

M(l) =
AnormX(l−1)

∥AnormX(l−1)∥2
(16)

X(l) = Dropout(X(l−1) + M(l)) (17)

where the normalized adjacency matrix Ad
norm and Am

norm are generically denoted as Anorm.
After L layers of convolution, the final local node representation H is aggregated by

averaging the initial features and the messages from all layers:

H =
1

L + 1

(
X(0) +

L

∑
l=1

M(l)

)
(18)

Through this encoding module, we obtain the local node embeddings Hm ∈ Rnm×d

and Hd ∈ Rnd×d for microbes and diseases, respectively.
(2) Dynamic hypergraph construction
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Inspired by the paper [33,34], we construct a dual dynamic hypergraph module to
capture intra-modal global similarities and inter-modal interactions. For the similarity
hypergraph, differentiable K-means clustering is used to learn high-order structure within
each modality [35]. Let K denote the number of clusters, which also determines the number
of dynamic hyperedges. Additionally, the model retains a set of learnable cluster centers
C ∈ RK×d. The cosine distance between node hi and hyperedge center cj is formulated as:

d(hi, cj) = 1 −
hi · cj

∥hi∥2∥cj∥2
(19)

By introducing a temperature parameter β, we calculate the soft attention weights,
namely assignment probabilities R ∈ RN×K, for allocating nodes to various hyperedges:

rij =
exp(−β · d(hi, cj))

K
∑

k=1
exp(−β · d(hi, ck))

(20)

During the forward process, the cluster centers C are dynamically differentiable
updated using an Expectation-Maximization (EM)-like step:

ck =

N
∑

i=1
rikhi

N
∑

i=1
rik

(21)

To enforce hypergraph sparsity and filter out noise, we apply a Top-t sparsification
operation, preserving only the t largest assignment probabilities for each node while setting
the rest to zero. This yields the final similarity hypergraph incidence matrices YS

m and YS
d ,

along with the updated centers Cm and Cd for microbes and diseases, respectively.
For interaction hypergraph construction, beyond intra-modal similarities, the syner-

gistic cross-modal interactions between microbes and diseases are critical. We construct
an interaction hypergraph where nodes from one modality are forced to attend to the
hyperedge cluster centers of the other modality. Taking microbe nodes as an example, the
interaction score matrix between the microbe node embeddings Hm and the disease cluster
centers Cd is calculated as:

Sint = σ(HmWintCT
d ) (22)

where Wint ∈ Rd×d is a learnable bilinear interaction weight matrix and σ(·) denotes the
Sigmoid activation function.

This is followed by a SoftMax normalization along the hyperedge dimension to derive
the cross-modal association weights α:

αij =
exp(sij)

K
∑

k=1
exp(sik)

(23)

Similarly, the Top-t sparsification is applied to yield the interaction hypergraph inci-
dence matrix for microbes, denoted as Y I

m. Symmetrically, utilizing disease nodes Hd and
microbe cluster centers Cm, we construct the interaction hypergraph incidence matrix for
diseases Y I

d .
(3) Hypergraph convolution module
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After establishing both the similarity hypergraph YS and the interaction hypergraph
Y I , we employ a hypergraph convolutional network module designed for hyperedge
feature aggregation and node feature updating.

First, node features are projected via a learnable weight matrix Whyper and aggregated
onto the hyperedges based on the incidence matrix Y, resulting in the aggregated feature
Eagg ∈ RK×d:

Eagg = (YT(HWhyper)) (24)

Next, the cluster center representations C are concatenated with the aggregated fea-
tures Eagg, and fed into a Multi-Layer Perceptron, namely, MLPedge to generate the refined
hyperedge embeddings E:

E = Dropout(MLPedge([C ∥ Eagg])) (25)

Finally, the hyperedge information is propagated back to the nodes using the incidence
matrix Y. Combined with residual connections and Layer Normalization, the final node
representations are updated as follows:

Z = LayerNorm(H + ReLU(YE)) (26)

Through this convolutional block, the representations of microbes and diseases on both
the similarity and interaction hypergraphs are updated to ZS

m, ZI
m, ZS

d , ZI
d, respectively.

(4) Prediction module
To comprehensively leverage the multi-scale and multi-modal features extracted above,

the model concatenates the four sets of embeddings for a given microbe-disease pair (i, j):

xij = [zS
m,i ∥ zI

m,i ∥ zS
d,j ∥ zI

d,j] (27)

where xij ∈ R4d. Ultimately, the fused feature vector is fed into a prediction module, which
consists of fully connected layers, ReLU activations, and dropout layers, to output the
predicted association score for the microbe-disease pair:

ŷij = MLPpred(xij) (28)

4. Results
4.1. Experimental Settings and Evaluation Metrics

All experiments were implemented in Python 3.9.25 (Python Software Foundation,
Beaverton, OR, USA) using the PyTorch framework version 2.2.0 with CUDA 11.8 support
(PyTorch Foundation, San Francisco, CA, USA; NVIDIA Corporation, Santa Clara, CA,
USA). The final DDHMDA configuration retained five nearest neighbors for local KNN
graph construction and used an embedding dimension of 256, five GCN layers, dropout of 0,
eight clusters (and thus eight dynamic similarity hyperedges), temperature parameter β = 2,
Top-t = 3, three differentiable K-means update iterations, a hypergraph hidden dimension
of 256, a predictor hidden dimension of 128, a learning rate of 1 × 10−4, weight decay of
5 × 10−4, and a maximum of 200 epochs. Training used full-batch Adam optimization and
a validation ratio of 0.1. In the method formulation, K denotes the number of differentiable
K-means clusters and corresponding dynamic hyperedges. By contrast, the numerical
suffixes in Static_Sim_HG_K5, Static_Sim_HG_K10, and Static_Sim_HG_K15 identify the
fixed neighborhood sizes used only in the static-hypergraph ablation.

To prevent information leakage, every fold is processed independently. Known posi-
tive associations are first divided into training, validation, and test subsets. A fold-specific
training association matrix is then constructed exclusively from the training positives.
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Disease GIP similarity, microbe GIP similarity, microbe functional similarity, and the in-
tegrated similarities are recomputed from this training association matrix within the fold.
DO semantic similarity is an external prior independent of the association split, but its
integration with the fold-specific disease GIP kernel is performed after splitting. The local
KNN graphs and both dynamic hypergraphs are then built from these fold-specific training
features. Validation and test associations are never used to construct similarities, graphs,
hypergraphs, or training inputs.

All unobserved microbe-disease pairs, after excluding every known positive in the
full database, form the candidate-negative pool. To reduce the distributional bias of purely
random sampling, we employed a cluster-based representative negative-sampling strategy
combining K-means clustering and cosine-distance ranking (denoted as K-means/cosine).
In each fold, candidate unobserved pairs were represented by concatenating the fold-
specific feature vectors of the corresponding microbe and disease. The candidate pairs were
partitioned into eight clusters using K-means and ranked within each cluster according to
their cosine distances from the corresponding cluster center. Pairs closer to the cluster cen-
ters were preferentially selected as representative negative samples. This procedure aims to
improve the representativeness of the sampled negative set rather than to assume that the
selected pairs are experimentally confirmed negatives. Furthermore, training, validation,
and test negatives are mutually disjointed and sampled in a 1:1 ratio to their corresponding
positives. For CV1 and CV2, negative candidates are restricted to the appropriate training,
validation, or held-out disease/microbe entities; for CV3, one disjoint candidate set is
selected and partitioned according to the positive split sizes. Negative sets are fixed within
each fold and sampling repetition and are not resampled between epochs. We repeat evalu-
ation with ten negative-sampling seeds (1–10) and report the mean ± standard deviation
across 50 fold-seed runs. Because unobserved pairs may contain undiscovered positives,
this remaining label uncertainty is explicitly acknowledged as a limitation. Furthermore,
hyperparameters were selected using validation data only. The search ranges were dropout
in {0, 0.1, 0.2, 0.3, 0.5}, local KNN neighborhood size in {1, 3, 5, 10, 15}, GCN layers in {1, 2,
3, 4, 5}, number of differentiable K-means clusters and corresponding dynamic hyperedges
in {8, 16, 32, 64}, Top-t in {1, 3, 5, 10, 15}, β in {0.5, 1, 2, 3, 5, 10}. The selected setting was
subsequently examined by sensitivity analysis on HMDAD-CV3.

DDHMDA is optimized with binary cross-entropy with logits loss. The best checkpoint
in each fold is selected by validation AUC. Training stops when validation AUC fails to
improve by at least 1 × 10−6 for 20 consecutive epochs, and the best checkpoint is restored
for testing. The decision threshold used to calculate ACC and F1 is not tuned on the test
set; it is selected separately in each fold by maximizing F1 on the validation precision-recall
curve and is then applied unchanged to the corresponding test predictions.

Moreover, this paper employs four classification evaluation metrics containing AUPR,
AUC, ACC, and F1-score, to comprehensively evaluate the performance of the model.
Among them, AUC is used to measure the model’s overall ability to distinguish between
positive and negative samples under different discrimination thresholds. It is defined as
the area under the ROC curve (with False Positive Rate, FPR, as the horizontal axis and
True Positive Rate, TPR, as the vertical axis), where:

TPR =
TP

TP + FN
, FPR =

FP
FP + TN

(29)

where TP, TN, FP, and FN represent the number of true positives, true negatives, false
positives, and false negatives, respectively.
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AUPR evaluates the model’s ability to identify positive samples by calculating the
area under the Precision-Recall curve, where:

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

(30)

Accuracy (ACC) represents the proportion of samples correctly predicted by the model
out of the total samples, defined as:

ACC =
TP + TN

TP + TN + FP + FN
(31)

The F1-score is the harmonic mean of precision and recall, used to comprehensively
measure the accuracy and completeness of the model in predicting positive samples:

F1 =
2 × Precision × Recall

Precision + Recall
(32)

4.2. Performance Evaluation

We use five-fold cross-validation with ten negative-sampling seeds to assess three
distinct generalization scenarios. CV3 is reported as the main experiment because it
corresponds to the standard pair-level MDA prioritization task and permits direct com-
parison across methods. CV1 and CV2 impose stricter cold-start conditions for unseen
diseases and microbes, respectively, and are therefore reported as supplementary analyses
in Appendix A. Figure 2 summarizes the three split strategies.

• CV1 (disease-level cold start, Appendix A): diseases are divided into five folds. Associ-
ations involving the held-out diseases are excluded from the training association matrix
and used only for testing, while a validation subset is selected from the training-side
diseases. This setting evaluates prediction for diseases with no training associations.

• CV2 (microbe-level cold start, Appendix A): microbes are divided into five folds. As-
sociations involving the held-out microbes are excluded from the training association
matrix and used only for testing, while a validation subset is selected from the training-
side microbes. This setting evaluates prediction for previously unseen microbes.

• CV3 (pair-level CV, main setting): known positive microbe-disease pairs are divided
into five folds. In each fold, 20% of the positive pairs are held out for testing, and
10% of the remaining training-side positives are used for validation. All association-
derived similarities, graphs, and hypergraphs are reconstructed from the remaining
training positives only.

To determine whether the proposed high-order modeling strategy provides an ad-
vantage over representative existing approaches, we compared DDHMDA with seven
methods on HMDAD and Disbiome under the main CV3 setting: DCGHCN [27], DM-
CFMDA [28], GCDSAEMDA [26], GPUDMDA [25], GRNCFMDA [29], KATZHMDA [17],
and MNNMDA [22]. This set covers path-based prediction, matrix completion, PU learning,
heterogeneous graph neural networks, graph-hypergraph learning, and contrastive cross-
modal fusion. For a fair comparison, all methods use the same positive folds and sampled
training, validation, and test pairs; association-derived inputs are reconstructed from the
corresponding training association matrix where required. The comparative results are
summarized in Table 2.

As shown in Table 2, DDHMDA achieves the best overall CV3 results on both
datasets. On HMDAD, it obtains AUC = 0.9789 ± 0.0177, AUPR = 0.9843 ± 0.0129,
ACC = 0.9273 ± 0.0423, and F1 = 0.9217 ± 0.0511. Relative to KATZHMDA, the strongest
baseline, the improvements are 0.0164 in AUC, 0.0098 in AUPR, 0.0235 in ACC, and 0.0224
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in F1. KATZHMDA also performs strongly on this pair-level task, indicating that short-path
information remains informative; nevertheless, the consistent gains of DDHMDA across
both ranking-based and threshold-dependent metrics suggest that combining local topol-
ogy with adaptive high-order relationships provides additional discriminative information.
Several neural baselines show substantially larger standard deviations on the small and
sparse HMDAD dataset, which suggests greater sensitivity to limited training associations
and fold composition.

Figure 2. Data partitioning under the three evaluation settings. CV1 holds out complete disease
nodes, CV2 holds out complete microbe nodes, and CV3 holds out association pairs. In every
setting, validation and test positives, together with their sampled negatives, are excluded from the
training association matrix before fold-specific similarities and graph and hypergraph structures
are constructed.

On the larger Disbiome dataset, DDHMDA reaches AUC = 0.9651 ± 0.0042,
AUPR = 0.9740 ± 0.0031, ACC = 0.9226 ± 0.0077, and F1 = 0.9194 ± 0.0080. Compared
with KATZHMDA, DDHMDA improves AUC and AUPR by 0.0206 and 0.0169, respec-
tively, while the corresponding ACC and F1 gains are 0.0392 and 0.0419. The recent neural
baselines generally perform better on Disbiome than on HMDAD, which is consistent with
their ability to benefit from a larger association network. DDHMDA nevertheless retains
the highest values for all four metrics and exhibits small standard deviations, indicating
that its advantage is maintained across dataset scales and is not restricted to a particular
decision threshold.

Figure 3 provides a threshold-independent view of the ranking behavior summarized
in Table 2. The ROC and precision-recall curves show that DDHMDA maintains the
strongest overall discrimination on both the small, sparse HMDAD network and the larger
Disbiome network. The advantage is particularly evident in the HMDAD precision-recall
curve, indicating improved prioritization of positive associations when known links are
limited. On Disbiome, the curves of several recent baselines become more competitive, but
DDHMDA retains the leading AUC and AUPR. Together with the ACC and F1 results,
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these observations indicate that the improvement is consistent across ranking-based and
threshold-dependent evaluation criteria.

Table 2. Comparative performance under the main CV3 setting. Values are reported as
mean ± standard deviation across the five folds and ten negative-sampling seeds.

Datasets Method AUC AUPR ACC F1

HMDAD

DCGHCN 0.6451 ± 0.1036 0.6778 ± 0.0680 0.6087 ± 0.1208 0.6867 ± 0.0677
DMCFMDA 0.7793 ± 0.0850 0.7683 ± 0.0764 0.7610 ± 0.0807 0.7862 ± 0.0696

GCDSAEMDA 0.6079 ± 0.1312 0.6660 ± 0.1075 0.6339 ± 0.1013 0.7183 ± 0.0506
GPUDMDA 0.5198 ± 0.1568 0.5391 ± 0.1114 0.6006 ± 0.0900 0.6963 ± 0.0534

GRNCFMDA 0.7292 ± 0.1477 0.7451 ± 0.1079 0.7189 ± 0.1212 0.7642 ± 0.0737
KATZHMDA 0.9625 ± 0.0128 0.9745 ± 0.0079 0.9038 ± 0.0257 0.8993 ± 0.0314
MNNMDA 0.8605 ± 0.0550 0.8502 ± 0.0634 0.8284 ± 0.0562 0.8411 ± 0.0467
DDHMDA 0.9789 ± 0.0177 0.9843 ± 0.0129 0.9273 ± 0.0423 0.9217 ± 0.0511

Disbiome

DCGHCN 0.8776 ± 0.0140 0.8985 ± 0.0116 0.8066 ± 0.0183 0.8051 ± 0.0156
DMCFMDA 0.9126 ± 0.0177 0.9295 ± 0.0150 0.8363 ± 0.0220 0.8393 ± 0.0203

GCDSAEMDA 0.7919 ± 0.0473 0.7830 ± 0.0594 0.7070 ± 0.0521 0.7507 ± 0.0268
GPUDMDA 0.7854 ± 0.0213 0.7405 ± 0.0273 0.7640 ± 0.0209 0.7802 ± 0.0166

GRNCFMDA 0.8593 ± 0.0301 0.8804 ± 0.0263 0.7963 ± 0.0238 0.7998 ± 0.0237
KATZHMDA 0.9445 ± 0.0077 0.9571 ± 0.0067 0.8834 ± 0.0124 0.8775 ± 0.0121
MNNMDA 0.9034 ± 0.0115 0.9280 ± 0.0091 0.8432 ± 0.0145 0.8313 ± 0.0144
DDHMDA 0.9651 ± 0.0042 0.9740 ± 0.0031 0.9226 ± 0.0077 0.9194 ± 0.0080

Figure 3. ROC and precision-recall curves for DDHMDA and seven baselines under CV3. The
upper panels show HMDAD and the lower panels show Disbiome. Curves aggregate the held-out
predictions over five folds and ten negative-sampling seeds; the label ‘Our Model’ in the exported
plots denotes DDHMDA.

To determine whether the observed improvements could be attributed to variation
across matched evaluations, two-sided paired t-tests were conducted for HMDAD-CV3 us-
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ing the fold- and negative-seed-matched results of DDHMDA and each baseline. DDHMDA
was significantly better than every baseline for both AUC and AUPR (all p-values < 0.001).
Even against KATZHMDA, the closest competitor, the paired t-test yielded p = 7.12 × 10−10

for AUC and p = 2.61 × 10−8 for AUPR. These results indicate that the performance gains
are consistent across the matched fold-seed evaluations and support the specific conclusion
that DDHMDA achieved the best performance among the methods examined under the
leakage-free CV3 protocol.

Moreover, the supplementary cold-start experiments further assess generalization to
unseen entities. Under CV1, DDHMDA achieved the highest AUC and AUPR on HMDAD
and the best overall performance on Disbiome. Under CV2, DDHMDA remained compet-
itive with KATZHMDA on HMDAD and achieved the best performance across all four
metrics on Disbiome. Overall, the lower performance under CV1 and CV2 than under CV3
indicates that predicting associations for completely unseen diseases or microbes remains
challenging because their association-derived profiles contain limited information. Detailed
results are provided in Figures A1 and A2 as well as Tables A1 and A2 in Appendix A.

To examine optimization convergence and assess whether prolonged training leads
to overfitting, we recorded the training and validation binary cross-entropy losses across
epochs on HMDAD and Disbiome under the CV3 setting and averaged them over the
fold-seed evaluations. As shown in Figure 4, both training and validation losses decrease
rapidly during the early epochs, demonstrating that the model learns the main association
patterns efficiently. The validation loss subsequently reaches a plateau and fluctuates within
a relatively narrow range, while the training loss continues to decrease. This divergence
indicates that further optimization mainly improves the fit to the training pairs without
a corresponding validation benefit. Selecting the checkpoint with the highest validation
AUC and applying a patience of 20 therefore prevents later epochs from determining the
test model and reduces overfitting.

Figure 4. Mean training and validation binary cross-entropy loss on HMDAD and Disbiome under
CV3. Solid lines show the fold-seed mean and the shaded regions represent the mean ± standard
deviation. Validation loss decreases rapidly and then fluctuates within a narrow range, while early
stopping restores the checkpoint with the highest validation AUC.

To evaluate whether the reported performance depends on narrowly tuned hyperpa-
rameter values, we varied the principal structural and optimization parameters individually
around the selected configuration on HMDAD-CV3. As a result, Figure 5 shows that AUC
and AUPR remain relatively stable around the selected configuration. Moderate changes
in beta, dropout, GCN depth, local KNN neighborhood size, the number of dynamic
hyperedges, and Top-t sparsification produce only limited variation in predictive perfor-
mance. Performance deteriorates more noticeably only at some extreme settings, where
excessive sparsification or model complexity can remove useful neighborhood information
or increase optimization difficulty. These results indicate that the final performance is
not produced by one isolated hyperparameter choice and support the robustness of the
validation-selected configuration.

https://doi.org/10.3390/math14142455

https://doi.org/10.3390/math14142455


Mathematics 2026, 14, 2455 16 of 28

Figure 5. Hyperparameter sensitivity of DDHMDA on HMDAD-CV3. AUC and AUPR are shown
while varying beta, dropout, GCN depth, local KNN neighborhood size, number of dynamic hyper-
edges, and Top-t sparsity; error bars summarize fold-seed variability.

4.3. Ablation Experiments

To thoroughly evaluate the contribution and necessity of each core component of
DDHMDA, we conducted comprehensive ablation studies. Ablation experiments were
performed on HMDAD under the main CV3 protocol using the same fold-wise feature
reconstruction, ten negative-sampling seeds, validation threshold selection, and early
stopping. In addition to removing architectural components, we compared random, plain K-
means, and K-means/cosine negative-sampling strategies. Here, we designed the following
degraded variants of our model by selectively removing or replacing specific modules:

• No_Local_GCN: Disables the GCN message-passing mechanism. The model bypasses
local topological aggregation and relies solely on the linearly projected node attributes.

• No_HG: Completely removes the dual hypergraph learning branch. The prediction
relies entirely on the local features extracted by the initial encoders.

• No_Sim_HG: Removes the differentiable K-means similarity hypergraph module,
retaining only the cross-modal interaction hypergraph.

• No_Int_HG: Removes the attention-based cross-modal interaction hypergraph module,
retaining only the similarity hypergraph.

• Static_Sim_HG_K5/K10/K15: Replaces the dynamic similarity hypergraph with fixed
KNN-based hypergraphs whose neighborhood sizes are 5, 10, and 15, respectively.
These suffix values refer only to the static-hypergraph ablation and are distinct from
the five-neighbor setting of the local GCN graph.

• Static_Int_HG: Replaces the dynamic cross-modal attention mechanism with static
associations. It directly utilizes the known training association matrix as the
incidence matrix.

Furthermore, DDHMDA_Random and DDHMDA_Kmeans use random and plain
K-means negative sampling, respectively; the complete DDHMDA uses K-means/cosine
sampling. The performance of all variants is summarized in Table 3.
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Table 3. Ablation study results on the HMDAD dataset under the CV3 setting.

Variants AUC AUPR ACC F1

DDHMDA_Random 0.8551 ± 0.0405 0.8566 ± 0.0403 0.7910 ± 0.0410 0.7863 ± 0.0462
DDHMDA_Kmeans 0.8520 ± 0.0426 0.8583 ± 0.0401 0.7786 ± 0.0539 0.7788 ± 0.0554

No_HG 0.8733 ± 0.0620 0.8896 ± 0.0652 0.8179 ± 0.0617 0.8243 ± 0.0534
No_Int_HG 0.9722 ± 0.0236 0.9789 ± 0.0182 0.9193 ± 0.0477 0.9147 ± 0.0538

No_Local_GCN 0.9785 ± 0.0194 0.9838 ± 0.0153 0.9261 ± 0.0479 0.9208 ± 0.0564
No_Sim_HG 0.9564 ± 0.0419 0.9673 ± 0.0316 0.9024 ± 0.0583 0.8954 ± 0.0646

Static_Int_HG 0.9759 ± 0.0100 0.9837 ± 0.0076 0.9306 ± 0.0433 0.9252 ± 0.0537
Static_Sim_HG_K5 0.9671 ± 0.0314 0.9755 ± 0.0227 0.9077 ± 0.0504 0.9037 ± 0.0526
Static_Sim_HG_K10 0.9691 ± 0.0294 0.9764 ± 0.0227 0.9134 ± 0.0435 0.9074 ± 0.0510
Static_Sim_HG_K15 0.9743 ± 0.0192 0.9805 ± 0.0145 0.9186 ± 0.0352 0.9135 ± 0.0424

DDHMDA 0.9789 ± 0.0177 0.9843 ± 0.0129 0.9273 ± 0.0423 0.9217 ± 0.0511

As illustrated in Table 3, the complete DDHMDA obtains the highest
AUC (0.9789 ± 0.0177) and AUPR (0.9843 ± 0.0129). Removing the entire hypergraph
branch produces the largest architectural decline, to AUC = 0.8733 and AUPR = 0.8896, con-
firming that high-order modeling provides information not recovered by the local encoder
alone. Removing the similarity hypergraph causes a larger reduction than removing the
interaction hypergraph, while both variants underperform the complete model, supporting
their complementary roles. No_Local_GCN remains close to DDHMDA, indicating that the
dynamic hypergraphs carry most of the ranking signal under CV3, although the full model
still provides small improvements across all four metrics. The static similarity-hypergraph
variants improve as their fixed neighborhood size increases from 5 to 15 but remain below
DDHMDA in AUC and AUPR, supporting adaptive hyperedge learning. In the leakage-free
rerun, Static_Sim_HG_K5 no longer exceeds the full model in ACC or F1. Static_Int_HG
shows marginally higher ACC and F1, but these decision-threshold-dependent differences
are small relative to their standard deviations and arise from fold-specific validation thresh-
old selection; DDHMDA remains superior on the threshold-independent AUC and AUPR
metrics. Finally, both DDHMDA_Random and DDHMDA_Kmeans are markedly weaker
than the complete model, demonstrating that negative-sample selection materially affects
performance estimates.

4.4. Case Studies

To further validate the practical capability of the DDHMDA framework in discovering
unconfirmed MDAs in the HMDAD and Disbiome datasets, we conducted case studies on
two complex diseases: asthma and IBD. We trained the model using all known associations
in the two distinct datasets and ranked the unknown microbe-disease candidate pairs based
on their predicted scores. The top 20 candidate microbes for each disease were subsequently
verified through the existing biomedical literature.

4.4.1. Case Study on Asthma

Asthma is a prevalent chronic inflammatory airway disease, clinically characterized by
recurrent episodes of coughing, chest tightness, wheezing, and dyspnea [36]. Recently, as
microbiome research has advanced, accumulating evidence suggests that early colonization
patterns of the respiratory and intestinal microecology are intricately linked to immune
system development, potentially contributing to the pathogenesis of allergic diseases like
asthma [4]. Particularly during the critical developmental window of infancy, structural
alterations in the gut microbiota have been statistically associated with subsequent asthma
risk, offering a novel theoretical framework for understanding asthma pathogenesis from a
microecological perspective [37]. In this study, we present the top 20 asthma-associated
candidate microbes predicted by the DDHMDA model based on the HMDAD and Disbiome
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datasets, detailed in Tables 4 and 5, respectively. The tables outline the rank (Column 1),
microbe name (Column 2), DDHMDA prediction score (Column 3), and validation evidence
from relevant databases or literature (Column 4). If verified by a database, the database
name is provided; if verified by literature, the corresponding PMID is listed.

Table 4. Top 20 candidate microbes associated with asthma predicted by DDHMDA on the HM-
DAD dataset.

Rank Microbe Name Prediction Score Evidence

1 Clostridium difficile 0.9507 21872915
2 Firmicutes 0.9488 Unconfirmed
3 Helicobacter pylori 0.9451 HMDAD
4 Clostridia 0.9386 27634868
5 Prevotella 0.9358 HMDAD
6 Bacteroidetes 0.9316 HMDAD
7 Proteobacteria 0.8867 HMDAD
8 Bifidobacterium 0.8807 30290688
9 Clostridium coccoides 0.8666 21477358

10 Prevotella copri 0.8610 34310928
11 Pseudomonas 0.8564 25329665
12 Lactobacillus 0.8551 29479926
13 Fusobacterium nucleatum 0.8493 Unconfirmed
14 Staphylococcus aureus 0.8368 HMDAD
15 Staphylococcus 0.8193 HMDAD
16 Actinobacteria 0.7935 26220531
17 Burkholderia 0.7927 Unconfirmed
18 Haemophilus 0.7612 HMDAD
19 Bacteroides 0.7419 29241587
20 Lachnospiraceae 0.6901 39814146

Table 5. Top 20 candidate microbes associated with asthma predicted by DDHMDA on the
Disbiome dataset.

Rank Microbe Name Prediction Score Evidence

1 Faecalibacterium 0.9828 Disbiome
2 Bacteroides 0.9828 Disbiome
3 Prevotella 0.9815 Disbiome
4 Lactobacillus 0.9814 Disbiome
5 Streptococcus 0.9812 Disbiome
6 Parabacteroides 0.9805 Disbiome
7 Blautia 0.9803 Disbiome
8 Roseburia 0.9803 Disbiome
9 Ruminococcus 0.9800 Disbiome

10 Bifidobacterium 0.9799 Disbiome
11 Veillonella 0.9797 Disbiome
12 Enterococcus 0.9795 Disbiome
13 Lachnospiraceae 0.9791 39814146
14 Clostridium 0.9781 27634868
15 Staphylococcus 0.9775 Disbiome
16 Dialister 0.9770 Disbiome
17 Acinetobacter 0.9769 Disbiome
18 Fusobacterium 0.9769 Disbiome
19 Dorea 0.9768 39814146
20 Enterobacteriaceae 0.9765 Disbiome

Among the top 20 candidate microbes predicted using the HMDAD dataset (see
Table 4), 17 have been successfully validated by existing databases and literature. Specif-
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ically, 7 associations are directly corroborated by the HMDAD database, while the re-
maining 10 are supported by previous experimental studies. Among the top 20 candidate
microbes predicted using the Disbiome dataset (see Table 5), all of them have been success-
fully verified through existing databases and literature. Specifically, 17 of the associations
were directly confirmed by the Disbiome database, while the remaining 3 associations were
supported by previous experimental studies. The specific evidence for the top 10 predicted
microbes listed in Table 4 and those verified in the literature of Table 5 is as follows. Specif-
ically, studies focusing on gut colonization in early infancy have demonstrated that the
early colonization of Clostridium difficile is significantly associated with the subsequent de-
velopment of recurrent wheeze, eczema, and doctor-diagnosed asthma [38]. A cohort study
investigating the stool microbiome at 3 months of age and asthma in preschool children
revealed that infants who later developed asthma exhibited a reduced relative abundance
of Lachnospira and an increased relative abundance of Clostridium neonatale; notably, the
Lachnospira or Clostridium ratio was negatively correlated with asthma risk [39]. In a study
focusing on wheezing diseases in Chinese children, the fecal abundance of Bifidobacterium
in pediatric patients was significantly lower than that in healthy controls, whereas no
significant difference was observed in the abundance of Lactobacillus between the two
groups [40]. Further analysis of denaturing gradient gel electrophoresis (DGGE) profiles
of the neonatal intestinal microbiota showed a statistically significant association between
microbial characteristics related to Clostridium coccoides and the subsequent development
of asthma [40]. Furthermore, research on the maternal gut microbiome during pregnancy
indicated that maternal carriage of Prevotella copri is associated with a decreased risk of
immunoglobulin IgE-mediated food allergy, suggesting that the maternal microbiome may
affect the occurrence of offspring allergic diseases containing asthma-related phenotypes
through immunomodulatory pathways [41]. In infant cohort studies, the development of
the gut microbiome was found to be associated with nocturnal cough, and this association
was modified by asthma status, and the family Lachnospiraceae and its genera (such as
Dorea) accounted for a considerable proportion of the significantly associated OTUs [39].
Consistently, reports on the relationship between Clostridium and preschool asthma fur-
ther support its potential role in early gut microecology and asthma risk [39]. In Table 4,
although the “unconfirmed” candidate microbes have not yet been directly validated by
existing databases or literature, they may still have potential biological significance and
provide useful clues for future experimental verification.

4.4.2. Case Study on IBD

IBD is a chronic, relapsing inflammatory disorder of the gastrointestinal tract, primarily
encompassing Crohn’s disease and ulcerative colitis [42]. Accumulating evidence indicates
that dysbiosis of the gut microbiota plays a crucial role in the pathogenesis, immune
dysregulation, and progression of IBD [42,43]. To further demonstrate the predictive
capability of our model, we applied DDHMDA to identify the top 20 candidate microbes
associated with IBD using the HMDAD and Disbiome datasets, detailed in Tables 6 and 7,
respectively. The tables outline the rank, microbe name, DDHMDA prediction score, and
validation evidence.
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Table 6. Top 20 candidate microbes associated with IBD predicted by DDHMDA on the
HMDAD dataset.

Rank Microbe Name Prediction Score Evidence

1 Firmicutes 0.8456 19235886
2 Clostridium coccoides 0.8311 27687331
3 Bacteroidetes 0.8223 27999802
4 Prevotella 0.8019 28542929
5 Proteobacteria 0.7752 HMDAD
6 Clostridia 0.7492 28506071
7 Helicobacter pylori 0.7489 24914359
8 Clostridium difficile 0.7329 22508484
9 Bifidobacterium 0.6491 34337079

10 Bacteroides 0.6413 12906096
11 Lachnospiraceae 0.6215 HMDAD
12 Actinobacteria 0.6127 HMDAD
13 Haemophilus 0.5564 33666710
14 Lactobacillus 0.5194 29854599
15 Escherichia coli 0.4920 23822920
16 Veillonella 0.4660 37836432
17 Prevotella copri 0.4489 28542929
18 Bacteroides vulgatus 0.4477 12906096
19 Enterobacteriaceae 0.4257 36268225
20 Staphylococcus 0.4153 31698044

Table 7. Top 20 candidate microbes associated with IBD predicted by DDHMDA on the
Disbiome dataset.

Rank Microbe Name Prediction Score Evidence

1 Bacteroides 0.9623 Disbiome
2 Faecalibacterium 0.9611 Disbiome
3 Streptococcus 0.9589 28618865
4 Prevotella 0.9579 Disbiome
5 Parabacteroides 0.9574 Disbiome
6 Lactobacillus 0.9571 29854599
7 Veillonella 0.9570 37836432
8 Ruminococcus 0.9568 Disbiome
9 Roseburia 0.9564 39166405
10 Lachnospiraceae 0.9563 17699621
11 Blautia 0.9562 Disbiome
12 Bifidobacterium 0.9559 Disbiome
13 Enterococcus 0.9556 Disbiome
14 Enterobacteriaceae 0.9540 Disbiome
15 Clostridium 0.9536 Unconfirmed
16 Dialister 0.9517 27390077
17 Acinetobacter 0.9496 Unconfirmed
18 Dorea 0.9494 36695274
19 Faecalibacterium prausnitzii 0.9492 Disbiome
20 Haemophilus 0.9491 33666710

Among the top 20 candidate microbes predicted on the HMDAD dataset (see Table 6),
remarkably, all 20 have been successfully validated by existing databases or related lit-
erature. Specifically, 3 associations (Proteobacteria, Lachnospiraceae, and Actinobacteria) are
directly confirmed by the HMDAD database, while the remaining 17 are robustly sup-
ported by independent experimental literature. Reviewing the literature-validated mi-
crobes within the top 5 yields compelling evidence. Based on the literature evidence
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supporting the top 5 candidate microbes in Table 6, existing studies have substantiated
the associations between several key microbial taxa and IBD activity or inflammatory
phenotypes across multiple lines of evidence, including patient-based investigations, sys-
tematic reviews/meta-analyses, and mechanistic considerations. A qPCR-based study
reported that, in patients with active IBD, the fecal abundance of the phylum Firmicutes,
especially the Clostridium leptum and Clostridium coccoides groups, was reduced, along
with a significantly decreased Firmicutes or Bacteroidetes ratio [44]. A systematic review
and meta-analysis further demonstrated that Clostridium coccoides abundance was lower
in active IBD than in remission [45]. Another meta-analysis integrating multiple studies
indicated that the mean intestinal level of Bacteroides was significantly reduced in IBD
patients compared with non-IBD controls, and was also lower during active disease than
remission [46]. Moreover, a review emphasized that increased Prevotella is associated with
enhanced Th17-related mucosal inflammation, and may promote inflammatory cell recruit-
ment through induction of IL-8 and IL-6; animal studies likewise suggested that Prevotella
colonization can induce or aggravate inflammatory phenotypes, supporting its potential
link to intestinal mucosal inflammation in chronic disease contexts [47].

As detailed in Table 7, the predictive performance remains robust on the Disbiome
dataset. Out of the top 20 predicted candidate microbes, 18 have been validated. Among
these, 10 associations are explicitly confirmed by the Disbiome database records, and
another 8 are substantiated by relevant experimental literature. Regarding the literature
evidence for the top 5 candidate microbes in Table 7, a DSS-induced murine colitis study
observed that intervention with Streptococcus thermophilus delayed colitis onset, mitigated
clinical manifestations such as body-weight loss and gastrointestinal bleeding, and reduced
bacterial translocation into colonic tissue, suggesting that Streptococcus-related strains
may be involved in regulating IBD-associated inflammatory processes [48]. Furthermore,
the “unconfirmed” candidate microbes may represent insufficiently explored microbe-
disease associations and could serve as potential leads for subsequent validation of IBD-
related microbes.

In summary, in the case studies of asthma and IBD, the vast majority of high-priority
candidate microbes predicted by the DDHMDA model were strongly supported by
database records or medical experimental literature. These reliable validation results
demonstrate that the predicted associations generated by our model are based on a solid
foundation, with high accuracy and reliability. This further indicates the performance of
the DDHMDA framework in practical applications, suggesting that it can serve as a trust-
worthy computational auxiliary tool to accurately and reliably guide the clinical discovery
and research of unknown MDAs.

5. Discussion
In this study, we developed a novel deep learning framework, DDHMDA, to effec-

tively infer potential human microbe-disease associations. Its main contribution lies in
jointly modeling local pairwise topology and high-order relationships. Specifically, local
representations are first obtained from fold-specific similarity matrices using graph con-
volutional networks. A differentiable K-means similarity hypergraph is then employed
to capture global intra-modal clustering patterns, while an attention-based interaction
hypergraph models cross-modal relationships between microbes and diseases. This de-
sign enables the hypergraph structures to be optimized during training instead of relying
entirely on predefined and fixed connections.

To avoid information leakage, all association-derived inputs were reconstructed inde-
pendently within each cross-validation fold. Only the training positive associations were
retained in the fold-specific association matrix. Disease GIP similarity, microbe GIP similar-
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ity, microbe functional similarity, and the integrated similarity matrices were subsequently
recomputed from this training matrix. The local KNN graphs and hypergraph inputs were
then constructed from these fold-specific features. Validation and test associations were
not used to construct similarities, graphs, hypergraphs, or training inputs. Under this
leakage-free protocol, DDHMDA demonstrated consistent predictive performance across
the CV1, CV2, and CV3 settings on both HMDAD and Disbiome. CV3 was used as the
main evaluation setting because it represents the standard pair-level MDA prioritization
task, whereas the more stringent disease-level and microbe-level cold-start results from
CV1 and CV2 are reported in Appendix A.

As a result, under CV3, DDHMDA achieved AUC and AUPR values of 0.9789 ± 0.0177
and 0.9843 ± 0.0129, respectively, on HMDAD. On Disbiome, it obtained an AUC of
0.9651 ± 0.0042 and an AUPR of 0.9740 ± 0.0031. DDHMDA achieved the best overall CV3
performance among the eight evaluated methods, which included path-based prediction,
matrix completion, positive-unlabeled learning, heterogeneous graph learning, graph-
hypergraph convolution, contrastive cross-modal fusion, and neural collaborative filtering
approaches. Compared with KATZHMDA, the strongest baseline under CV3, DDHMDA
improved AUC and AUPR by 0.0164 and 0.0098 on HMDAD and by 0.0206 and 0.0169 on
Disbiome, respectively. The paired analysis on HMDAD further indicated that DDHMDA
significantly outperformed the evaluated baselines in terms of AUC and AUPR. These
findings support the specific conclusion that DDHMDA performed best among the methods
examined under the present leakage-free evaluation protocol, rather than establishing
universal superiority over all existing MDA prediction methods.

The ablation results further clarify the contributions of the proposed components.
Removing the complete hypergraph branch reduced AUC from 0.9789 to 0.8733 and
AUPR from 0.9843 to 0.8896, indicating that high-order relationship modeling provides
information that cannot be fully recovered by the local graph encoder. Removing the
similarity hypergraph reduced AUC and AUPR to 0.9564 and 0.9673, respectively, whereas
removing the interaction hypergraph resulted in values of 0.9722 and 0.9789. These results
suggest that the two hypergraph branches provide complementary information, with
the similarity hypergraph making the larger individual contribution under CV3. The
No_Local_GCN variant remained close to the complete model, suggesting that the dynamic
hypergraph modules account for most of the ranking performance, although the full model
still achieved better AUC and AUPR. Furthermore, replacing the differentiable similarity
hypergraph with static KNN-based hypergraphs also produced lower AUC and AUPR
values than the complete model. Performance improved as the static neighborhood size
increased from 5 to 15, demonstrating that fixed hypergraph performance is sensitive to
the manually specified neighborhood size. Static_Int_HG produced marginally higher
ACC and F1 values than DDHMDA, but these threshold-dependent differences were small
relative to their standard deviations. DDHMDA retained better threshold-independent
AUC and AUPR performance. Overall, the results support the use of adaptive hypergraph
construction and the good performance of DDHMDA. The results of the case study indicate
that DDHMDA demonstrates high reliability in the prediction of both asthma and IBD. The
top 20 candidate microbes for asthma and IBD on the HMDAD dataset have a verification
rate of 85% (17/20) and 100% (20/20), respectively, and the verification rate on the Disbiome
dataset is also at a high level, confirming the practical value of DDHMDA in discovering
potential MDAs.

Despite the promising outcomes, this study has two main limitations. First, unob-
served microbe-disease pairs are not necessarily true negatives and may include undiscov-
ered positive associations. Although multiple negative-sampling seeds and strategies were
examined, false-negative label noise cannot be completely eliminated. Second, DDHMDA’s

https://doi.org/10.3390/math14142455

https://doi.org/10.3390/math14142455


Mathematics 2026, 14, 2455 23 of 28

topological feature extraction mainly relies on GIP similarities, which are fundamentally
derived from known interaction patterns. Consequently, for newly discovered microbes
or isolated diseases entirely lacking prior known associations, their GIP representations
become uninformative zero-vectors. This creates a severe cold-start problem, making it chal-
lenging for the model to accurately project these isolated nodes into the interaction hypergraph.

In conclusion, DDHMDA demonstrates superior predictive performance and provides
a robust computational tool for prioritizing complex MDAs. In the future, our work
will focus on the following directions. First, we plan to integrate more sophisticated
negative sample selection strategies, such as clustering-based approaches [29], PU learning
frameworks [25], and information-based under sampling methods [49], to screen out
high-confidence negative samples and enhance the robustness of the model. Second, to
overcome the cold-start problem and alleviate the reliance on topological similarities,
we intend to leverage embeddings derived from pre-trained large biological models to
construct richer and more intrinsic feature representations. Specifically, we will utilize
genomic foundational models such as DNABERT [50] to encode microbial DNA sequences,
and biomedical language models pre-trained on large-scale PubMed literature such as
PubMedBERT [51,52] to extract deep textual semantics. This dual-modality pre-training
strategy will effectively reduce the reliance on purely topological similarities and alleviate
the cold-start problem for isolated nodes.
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Appendix A
To complement the main pair-level evaluation and examine generalization when

no associations are available for an entire entity, Appendix A reports the supplementary
cold-start experiments. CV1 evaluates held-out diseases, whereas CV2 evaluates held-
out microbes. These settings are substantially more demanding than CV3 because the
association-derived profiles of completely unseen entities contain little or no training signal.
The corresponding results, therefore, provide a transparent assessment of the remaining
cold-start limitation rather than serving as the primary comparison setting.
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Figure A1. ROC and precision-recall curves under disease-level CV1. The upper panels show
HMDAD and the lower panels show Disbiome. All associations of each held-out disease are excluded
from training; ‘Our Model’ denotes DDHMDA.

Table A1. Supplementary CV1 performance on HMDAD and Disbiome.

Dataset Method AUC AUPR ACC F1

HMDAD

DCGHCN 0.5011 ± 0.0797 0.5263 ± 0.0483 0.5000 ± 0.0000 0.6667 ± 0.0000
DMCFMDA 0.5003 ± 0.1524 0.5302 ± 0.1096 0.4996 ± 0.1105 0.6090 ± 0.1322

GCDSAEMDA 0.5137 ± 0.1167 0.5590 ± 0.0732 0.5468 ± 0.0708 0.6607 ± 0.0885
GPUDMDA 0.4849 ± 0.1460 0.5268 ± 0.0798 0.5053 ± 0.1319 0.6234 ± 0.1399

GRNCFMDA 0.4654 ± 0.1202 0.5351 ± 0.0896 0.5081 ± 0.0944 0.6296 ± 0.0934
KATZHMDA 0.4119 ± 0.1421 0.5625 ± 0.1153 0.4909 ± 0.0250 0.6401 ± 0.0665
MNNMDA 0.5186 ± 0.1053 0.5553 ± 0.0712 0.5564 ± 0.0631 0.6457 ± 0.0821
DDHMDA 0.5325 ± 0.1307 0.6147 ± 0.0997 0.5179 ± 0.0839 0.6002 ± 0.1159

Disbiome

DCGHCN 0.7196 ± 0.0235 0.6808 ± 0.0363 0.6364 ± 0.0883 0.6813 ± 0.0231
DMCFMDA 0.6622 ± 0.0324 0.7190 ± 0.0411 0.5417 ± 0.0492 0.6595 ± 0.0126

GCDSAEMDA 0.6069 ± 0.1077 0.6243 ± 0.1000 0.5834 ± 0.0906 0.6878 ± 0.0334
GPUDMDA 0.7019 ± 0.0538 0.6859 ± 0.0624 0.7028 ± 0.0700 0.7156 ± 0.0369

GRNCFMDA 0.6223 ± 0.0894 0.6757 ± 0.0804 0.5476 ± 0.0802 0.6723 ± 0.0253
KATZHMDA 0.7329 ± 0.0244 0.7945 ± 0.0225 0.7031 ± 0.0284 0.6845 ± 0.0252
MNNMDA 0.6240 ± 0.0191 0.6920 ± 0.0186 0.5198 ± 0.0300 0.6602 ± 0.0135
DDHMDA 0.8525 ± 0.0325 0.8759 ± 0.0301 0.7659 ± 0.0436 0.7730 ± 0.0293
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Figure A2. ROC and precision-recall curves under microbe-level CV2. The upper panels show
HMDAD and the lower panels show Disbiome. All associations of each held-out microbe are
excluded from training; ‘Our Model’ denotes DDHMDA.

Table A2. Supplementary CV2 performance on HMDAD and Disbiome.

Dataset Method AUC AUPR ACC F1

HMDAD

DCGHCN 0.6074 ± 0.0910 0.5949 ± 0.0680 0.5319 ± 0.0710 0.6599 ± 0.0336
DMCFMDA 0.6850 ± 0.1001 0.6723 ± 0.1020 0.6748 ± 0.0874 0.7205 ± 0.0467

GCDSAEMDA 0.5143 ± 0.1805 0.5919 ± 0.1250 0.5852 ± 0.1027 0.6905 ± 0.0458
GPUDMDA 0.7513 ± 0.0810 0.7658 ± 0.0938 0.6694 ± 0.0906 0.7014 ± 0.0559

GRNCFMDA 0.5834 ± 0.1964 0.6312 ± 0.1446 0.6213 ± 0.1059 0.7003 ± 0.0495
KATZHMDA 0.8256 ± 0.0286 0.8532 ± 0.0237 0.7583 ± 0.0545 0.7505 ± 0.0443
MNNMDA 0.7177 ± 0.0740 0.7613 ± 0.0789 0.6437 ± 0.0780 0.6858 ± 0.0467
DDHMDA 0.8224 ± 0.0365 0.8478 ± 0.0311 0.7329 ± 0.0540 0.7414 ± 0.0438

Disbiome

DCGHCN 0.5272 ± 0.0787 0.5290 ± 0.0446 0.5179 ± 0.0513 0.6693 ± 0.0137
DMCFMDA 0.7450 ± 0.0764 0.7808 ± 0.0923 0.6816 ± 0.0489 0.7213 ± 0.0330

GCDSAEMDA 0.6688 ± 0.0764 0.6969 ± 0.0854 0.6305 ± 0.0727 0.7026 ± 0.0340
GPUDMDA 0.6330 ± 0.0502 0.6212 ± 0.0807 0.6504 ± 0.0596 0.6983 ± 0.0251

GRNCFMDA 0.7112 ± 0.0524 0.7498 ± 0.0634 0.6760 ± 0.0759 0.6998 ± 0.0397
KATZHMDA 0.7629 ± 0.0287 0.8173 ± 0.0214 0.6774 ± 0.0685 0.7089 ± 0.0404
MNNMDA 0.7257 ± 0.0399 0.7936 ± 0.0427 0.6795 ± 0.0821 0.6861 ± 0.0392
DDHMDA 0.8170 ± 0.0260 0.8257 ± 0.0321 0.7405 ± 0.0431 0.7722 ± 0.0296
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