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Abstract Objective Gut microbiota dysbiosis has been implicated in various diseases, making the identification of microbe -
disease associations essential for understanding disease mechanisms and discovering disease-associated microbes. Computational
approaches have been widely used to predict microbe-disease associations and prioritize promising candidates for experimental
validation. However, existing methods often suffer from insufficient utilization of heterogeneous biological information, particularly
the complementary structural and semantic information derived from association networks and similarity data. Moreover, the
sparsity, noise, and incompleteness of known associations further limit prediction performance and generalizability. Methods that
primarily rely on a single information source or simple feature fusion may fail to capture the complex relationships between
microbes and diseases. In this paper, we propose a graph-enhanced contrastive learning framework for microbe - disease association
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prediction, GECLMDA, which integrates complementary structural and semantic information to obtain informative node
representations and improve the prediction of potential associations. Methods Our method derives informative node representations
by integrating structural and semantic learning. Specifically, graph convolutional networks are employed to capture structural
relationships between microbes and diseases, while a deep sparse autoencoder is used to extract latent semantic features from
similarity information. The structural learning component captures relational information from graph-based representations, whereas
the semantic learning component extracts complementary information embedded in microbial and disease similarities. Unlike
methods that directly contrast multiple graph-derived representations, GECLMDA integrates graph-based relational information
before performing cross-representation alignment. Contrastive learning is then introduced to align the structural and semantic views,
allowing the model to jointly exploit relational structures and latent similarity patterns. Finally, the resulting embeddings are fused
and used to predict potential microbe - disease associations. The method is evaluated on three benchmark datasets, HMDAD,
Disbiome, and Peryton, using five-fold cross-validation under different evaluation settings. Ablation experiments and case studies are
further conducted to assess the contributions of key model components and the ability of GECLMDA to identify potential disease-
associated microbes. In addition, ablation experiments are performed to investigate the contributions of the major model components,
and case studies are conducted to examine the ability to identify potential disease-associated microbes. Results Our method
achieves competitive performance against most baseline methods across the evaluated settings. Under global five-fold cross-
validation, GECLMDA obtains AUCs of 0.980 3+0.006 9, 0.944 6+0.008 3, and 0.954 6+0.006 7 on HMDAD, Disbiome, and
Peryton, respectively. Ablation experiments indicate that structural representation learning, semantic representation learning, and
contrastive alignment provide complementary contributions to prediction performance. Case studies further suggest that our method
can serve as a potential tool for predicting disease-associated microbes. Conclusion The proposed framework effectively integrates
structural and semantic information through graph-enhanced contrastive learning and achieves competitive prediction performance
across multiple benchmark datasets. GECLMDA provides a potential computational tool for microbe - disease association prediction
and the identification of disease-associated microbes, offering useful candidates for further biological investigation.

Key words microbe-disease association, association prediction, meta-path, graph convolutional network, deep sparse
autoencoder, contrastive learning
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The human body harbors diverse microbial
communities in the gut, oral cavity, skin, and
respiratory tract, where they form a complex
microecological system with the host [ These
microbial communities contribute to digestion and
vitamin synthesis, and also play important roles in
immune development, metabolic homeostasis, and
resistance to pathogen colonization®*. Growing
evidence indicates that gut microbial dysbiosis is
more than a consequence of disease and may
contribute to the onset, progression, and persistence of
various disorders, sometimes as a driving factor>®,
Systematic identification of microbe - disease
associations is important for understanding disease
mechanisms and identifying potential intervention
targets!”). However, experimental validation is often
costly and time-consuming, which limits its use in
large-scale and systematic screening. Computational
approaches can efficiently prioritize candidate
associations from existing biomedical data and
provide useful candidates for further experimental
validation.

Various computational models have been
developed for microbe - disease association
prediction in recent years. These models can generally
be grouped into three categories: network-based
methods, matrix factorization-based methods, and
machine learning-based methods®™®'". Network-based

CSTR: 32369.14.pibb.20260325

methods typically construct heterogeneous networks
by integrating microbe similarity, disease similarity,
and known associations, and then infer potential links
via random walk, path search, or label propagation '],
Subsequent studies further improved prediction
performance by incorporating multi-similarity fusion
and label propagation strategies *°!. However, these
methods depend strongly on network structure. Their
performance is often limited when prior association
information is scarce, especially for new diseases or
new microbes. Matrix factorization-based methods
usually treat microbe - disease association prediction
as a matrix completion problem and recover unknown
associations by learning low-dimensional latent
representations. Previous studies have shown that non-
negative matrix factorization'! and logistic matrix
factorization with neighborhood regularization !'”! can
achieve good performance in this task. These methods
handle sparse data effectively by exploiting the
intrinsic low-rank structure of the association matrix,
yet their optimization cost grows with data scale and
the learned latent factors offer limited biological
interpretability.

Machine learning methods, particularly deep
learning methods, have also been widely applied in
microbe-disease association prediction".  Unlike
traditional machine learning methods that rely on
handcrafted features together with classifiers such as
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adaptive boosting!"”, deep models can automatically

extract hierarchical representations from raw
similarity and interaction data. Early deep learning
efforts employed autoencoders and multi-layer
perceptrons for feature learning. More recently, graph
neural networks have attracted considerable attention
owing to their natural suitability for modeling
relational data. Methods such as graph convolutional
networks  (GCDSAEMDA™),  graph  attention
networks, and variational autoencoders
(DVAMDAP"), have been proposed to capture both
local neighborhood information and global structural
patterns. Furthermore, contrastive learning, multi-
view learning, and attention-based fusion mechanisms
have been introduced to enhance representation
quality by integrating complementary signals from
heterogeneous sources. **?° These methods are
effective in modeling complex nonlinear relationships

and higher-order structural dependencies, and
therefore  often  achieve  strong  predictive
performance!?’ ¥,

Despite these advances, microbe - disease

association prediction still faces several important
challenges. Existing models often do not make full
use of heterogeneous biological information,
especially the joint modeling of structural relationship
information and biological similarity information,
which limits their ability to capture complex
association patterns. In addition, data noise and
incomplete association information can easily affect
model performance, resulting in unstable predictions
and poor generalization.

Motivated by the previous studies 2*3% we
propose a graph-enhanced contrastive learning
framework (GECLMDA) to integrate complementary
structural and semantic representations within a
unified framework for microbe-disease association
prediction. Given the integrated similarity profiles and
the microbe - disease association network, the
framework learns node representations through two
complementary branches. The structural branch
focuses on modeling interaction patterns through
node-level and meta-path-based graph convolution,
whereas the semantic branch captures latent semantic
characteristics from integrated similarity features
using a deep sparse autoencoder. The representations
learned from these two branches are then aligned
through contrastive learning and used for downstream
association prediction. Results from multiple
benchmark datasets and evaluation settings show that
GECLMDA achieves competitive performance
against most existing state-of-the-art methods. Case
studies further show that the proposed method can

identify potentially meaningful microbe - disease
associations that are supported by biological evidence.

1 Material and methods

1.1 The known human microbe-disease
associations
In current, several databases have been

established to catalog known microbe-disease
associations, including: HMDADP', Disbiome**,
gutMDisorder??, peryton®*. For model evaluation, we
select HMDAD, which holds 450 non-redundant
associations among 292 microbes and 39 diseases,
and Disbiome, with 8 645 associations involving 351
microbes and 1 582 diseases, offering a wider
validation. Peryton, contains 1 747 associations
between 469 microbes and 38 diseases, is an
additional dataset used for global five-fold cross-
validation. The statistics about these datasets are
displayed in Table 1.

In each dataset, the relationships between
microbes and diseases are represented by an
adjacency matrix, A € R if there is an association

ngxXn,>
between diseases d; and microbes m, A;=1,

otherwise, A i = 0.

Table 1 The statistics for microbe—disease association da-

tasets
Datasets Microbe Disease Associations
HMDAD 292 39 450
Disbiome 351 1582 8 645
Peryton 469 38 1747

1.2 Construction of microbe and disease
similarity network
1.2.1 Calculation and fusion similarity

In our previous work ! we comprehensively
computed similarities for microbes and diseases from
two complementary perspectives: network topology
and biological function. Topological similarities,
derived directly from the known microbe-disease
adjacency matrix, include Gaussian Interaction Profile
(GIP) kernel similarity, Cosine similarity, and Jaccard
similarity. Functional similarities integrate multi-
source biological data: for diseases, these encompass
symptom-based similarity, semantic similarity (MeSH-
based), and gene functional similarity; for microbes,

they include sequence similarity, evolutionary
distance similarity, and disease semantic-based
functional similarity. Further details of the

preprocessing are provided in our previous work™’.
To enhance robustness and capture
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complementary information, Similarity Network
Fusion (SNF) was applied to non-linearly integrate
the multiple similarity measures within each
perspective (topology or function), yielding fused

topological ~matrices (DS,,, MS,,) and fused
functional matrices (DS,,,, MS;,,). Finally, a weighted
linear integration combines these two fused
perspectives to generate consolidated similarity
profiles:
D,=w- DS, +(1-u)-DS,,
Mo=p-MS,, +(1-p) MS, (1)

Here, u is a tunable weighting parameter. The
resulting matrices D_and M serve as the foundational
similarity features for constructing the heterogeneous
network and for subsequent representation learning in
our contrastive framework.

1.2.2 Construction of heterogeneous networks based
on meta-path

The microbe-disease association network is a

. Microbe (M)

— i MDM
Disease (D) 1
Associations

DMD

{A) Microbe-disease association

i ok (B) Meta-paths

! (C) DMD meta-path based neighbors ]

heterogeneous information network (HIN), capturing
complex structural and semantic relationships. To
extract high-level relational features, we employ meta-
path-based strategies, where a meta-path denotes a
composite relation defined by a sequence of entity
types and edge types. In this study, we define the
meta-path for microbes MP™ =M - D — M, which
connects microbes sharing associations with the same
disease. Similarly, for diseases, the meta-path MP? =
D - M - D connects diseases linked via common
microbes.
AMP”’ = A X AT

A =A"xA 2)
where A is the adjacency matrix encoding the
associations between microbes and diseases, ¢
indicates the network type (microbial or disease), m
and d refer to microbe and disease respectively. An
example for constructing the meta-path network has
been represented in Figure 1.

mp!

Dy Dy Dy Dy Dy

for Dy with (A) {D) DMD meta-path induced network

Fig.1 A meta—path example for GECLMDA
(a)Microbe-disease association network. (b)Four meta-paths involved in GECLMDA, which are MDM, DMD. (c)Disease D, and its meta-path-based

neighbors D,,D, and D5 based on the microbe-disease association network in (a). (d) The meta-path-induced network with DMD based on the

network in (a).

1.3 GECLMDA

In this study, GECLMDA is a graph-enhanced
contrastive learning framework for microbe - disease
association prediction (Figure 2). It comprises two
complementary branches: the structural branch
captures interaction features using node-level and
meta-path-based graph convolutions, whereas the
semantic branch extracts latent semantic features from
the integrated similarity profiles using a deep sparse
autoencoder. The resulting representations are
subsequently aligned through contrastive learning and
jointly used for microbe-disease association
prediction.

1.3.1 Structural-aware representation learning
1.3.1.1 Node-level graph convolution on similarity
networks

Graph convolutional networks have exhibited
expressive capability in learning node embeddings
from graph structures. For a graph with symmetric

adjacency matrix A4, a single-layer graph
convolutional encoder is defined as:
HU+D = U(ﬁ‘i@ﬁ‘;[{mwm) (3)

Where o (+) is the activation function. () = Q + I and
I is the identity matrix with the same shape as Q, D is
the degree matrix of a, W is the learnable weights
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Fig. 2 The overall workflow of GECLMDA.

In step 1, microbe and disease similarity network are adopted, and microbe-disease association network is used to construct first-order meta-paths. In

step 2, structural-aware representations are learned via node-level GCN and meta-path-based GCN and fused by an attention mechanism, while

semantic-aware representations are obtained using a deep sparse autoencoder. In step 3, contrastive learning is applied to align topological and

functional views for microbes and diseases. In step 4, the learned embeddings are finally used to predict potential microbe-disease associations.

at [", H'" denotes the representations of nodes at /"
layer. The output representations of nodes at /" layer
can be input into the next layer of GCNs. In this way,
we can get the nodes embeddings at any layer.
Applying this operation to the microbe and disease
similarity networks ( M, D) yields node-level
structural-aware representations GCN)'and GCN}',
respectively.
1.3.1.2 Meta-path-based graph convolution

To capture higher-order interaction semantics, we
further construct meta-path-induced network based on
the microbe-disease association network, namely
Ayp(M~D~-M) and A, (D~-M-D). We apply
GCNs on meta-path to learn the embeddings of
microbes and diseases respectively, which can be
calculated as:

PO
H{*V=a|D?A,,D2H WY i e{md} (4)

MP!

where Hﬁ(jl)),denotes the node representations learned
from the corresponding meta-path network. The
resulting embeddings are denoted as
GCN""and GCN".

1.3.1.3 Attention-based structural fusion
We employ an attention mechanism to fuse the
two representations to integrate node-level and meta-
path structural information:
2=, GCN" + (1 - a,) - GCN" 1 € (md) (5)
where o,is a learnable attention weight. The fused
embeddings z™and z"represent the final structural

representations for microbes and diseases.
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1.3.2 Semantic-aware representation learning via
deep sparse autoencoder

The deep sparse autoencoder (DSAE) is an
unsupervised neural network that updates parameters
iteratively by minimizing reconstruction error
between output and input, enabling efficient data
compression and discriminative feature extraction”.
We adopt DSAE to learn semantic representations
directly from the integrated similarity networks.
Given the input similarity features, the encoder maps
them into a low-dimensional sparse representation,
which is reconstructed by the encoder. The loss
function of the DSAE is defined as:

LFZ%ZHx,"g(f(xi))llﬁ + BEKL(pIﬁ.,-) ©)

where x; denotes the input feature vector of the i-th
node, f(-) and g(-) represent the encoder and decoder,
respectively, p is the target sparsity level, is the
average activation of the j-th hidden unit, Bcontrols
the sparsity penalty, and KL(- // -)denotes the Kullback
- Leibler divergence. The final semantic-aware
embeddings for microbes and diseases are denoted as
z2™and 2}/, respectively.

1.3.3 Contrastive learning for feature refinement

Contrastive learning is a self-supervised
representation learning paradigm that encourages
similar samples to be mapped closer in the embedding
space while pushing dissimilar samples apart®. By
maximizing agreement between positive pairs and
minimizing similarity with negative samples,
contrastive learning has shown strong effectiveness in
similarity-driven tasks such as classification and
clustering. In this work, we employ contrastive
learning to bridge the gap between structural-aware
and semantic-aware representations of microbes and
diseases, thereby enhancing the consistency and
discriminability of the learned embeddings.

Unlike  conventional  contrastive learning
approaches that construct positive samples based on
semantic or structural consistency within a single
branch, our framework does not assume interaction
knowledge inside each individual view. Instead, we
adopt a cross-view positive sample selection strategy
guided by meta-path-induced structural
relationships™®. Specifically, for each microbe node
m,, its representations learned from the structural-
aware branch and the semantic-aware branch naturally

sema

form an innate positive pair, i.e., ( e )
Furthermore, to enrich the positive sample set,
we exploit the meta-path-induced network to identify
microbes that are indirectly associated with m,. These
candidate microbes are ranked according to the meta-

path connectivity scores in the MDM matrix, and the
top-k( K,,, ) nodes are selected as conditional positive
samples, forming the positive set P, . All remaining
microbe nodes excluding P, are treated as negative
samples, constituting the set. The same strategy is
applied symmetrically to disease nodes using the
corresponding DMD matrix.

ot g, Sty
N, & 2‘ ex; ( ( st sema )/T)
v exp| sum| 2, "Nz,
1 i EJEP exP(sim( r|z) /T)
d _ N Zk” exP(Slm( 5"”|z>€ma )/T)

( stru senm) = {m,d} 1S the cosine

()

where

similarity =~ between  structural-aware  network
embedding and semantic-aware network embedding,
and m and d means microbe and discase, T is the
temperature parameter for contrastive alignment, and
N,t e {m,d} represents the total number of type ¢
nodes. The total loss of contrast learning L, can be
represented as:

L.=AL, +(1 =X)L, (8)
where parameter A is the coefficient to balance the
contributions of the similarity network and meta-path-
induced network.

1.3.4 Prediction and optimization
In this study, MLP is adopted as the final
decoder. Firstly, the optimized microbe and disease
embeddings obtained from the proposed framework
are used as inputs to the MLP to predict potential
microbe-disease associations. Finally, the association
probability score y; between microbe m; and disease
d; can be represented as:
y; = Sigmoid(W, (ReLU(WZ(zm’@zd/)))) 9)
where z, and z, means the embeddings of microbe m;

and disease d;. The operation © denotes
the element-wise multiplication between microbe
embedding z, € R" and disease embedding z, € R",

and W, eR™*", W,eR"*"are the
matrices.

We adopt the binary cross-entropy loss to train
the model for microbe-disease association prediction.
The binary cross-entropy loss used in GECLMDA is
defined as:

L,=- 2 W,y logy, + (1

(ij)eSTUS

learnable

- yi}/’)log(l - y',;/) (10)

W, = Ny/N, (11)
where (i,j ) denotes the microbe-disease sample for
microbe m; and disease d;, S* and S” are positive and
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negative microbe-disease sample used to train,
respectively. W, is a weight to reduce the sample
sparsity of dataset, N, are the number negative
samples, and N, are positive. The overall training

objective of the proposed model is formulated as:
L=L.+L,+L, (12)
The detailed steps of GECLMDA are
summarized in Table 2.

Table 2 The algorithm for microbe - disease association prediction

GECLMDA algorithm

Input: initial interaction matrix A

Output: final predict matrix S

1:  Compute the disease similarity matrix D_and the microbe similarity matrix M

2: Compute the adjacency matrix of the disease graph Z)\\ and microbe graph ﬂ respectively

3:

repeat

4: Learn latent representations from the structural-aware and semantic-aware using graph convolutional networks and a deep sparse autoencoder,

respectively (expression here is defined in equation (5) and (6) )

5:  Construct positive and negative sample pairs and compute the contrastive learning loss based on reconstructed embeddings (expression here is

defined in equation (7) )

6: Optimize the model parameters by minimizing the contrastive learning objective using the Adam optimizer

7: until convergence or maximum epochs reached

8: Predict potential microbe - disease associations using an MLP decoder based on the final learned embeddings

9: return final predict matrix S

2 Result

2.1 Experimental settings and evaluation metrics

To evaluate the performance of GECLMDA and
baseline methods, we employ 5-fold cross-validation
(5-CV) on the HMDAD and Disbiome datasets. We
further conducted three validation strategies to
simulate distinct prediction scenarios: (1) a global
test, where random associations are masked to assess
overall predictive capacity; (2) a horizontal test, in
which entire rows (diseases) are masked to evaluate
the model's ability to predict associations for novel
diseases; and (3) a vertical test, where entire columns
(microbes) are masked to simulate the prediction of
novel microbes. Each experiment is repeated 10 times
to mitigate sampling variability.
2.1.1 Parameter settings

Key hyperparameters of GECLMDA, including
the number of GCN and MLP layers (n, and n),
embedding dimension (k), sparsity coefficient (5), and
number of training iterations (#,), are optimized via 5-
fold cross-validation under the global test setting on
the HMDAD dataset under grid search. As shown in
Fig. 3, we test GCN/MLP layers (1 - 3) and
embedding sizes (32 - 512). Optimal performance is
achieved with 1 GCN layer (n,=1), 3 MLP layers (n,=
3), an embedding dimension of k=128, f = 0.1, n, =
1000 training iterations, &, = 10 and 7 = 0.8.

The experiments were conducted in a Python
3.7.12 environment using PyTorch 1.12.1 with

CUDA, scikit-learn 0.22.1, and NumPy 1.21.6. All
analyses are performed on a Windows 10 system
equipped with an Intel(R) Core (TM) i5-8600KF CPU
and an NVIDIA GeForce GTX 1060 6GB GPU.

2.1.2 Performance evaluation

To comprehensively evaluate the effectiveness of
the proposed GECLMDA, we compared it with eight
representative baseline methods covering network-
based models (KATZHMDA!?), traditional machine
learning approaches (LRLSHMDAP®), and deep
learning-based frameworks (NTSHMDAP7,
DMCFMDA!"”,  SARMDAP®,  GCDSAEMDA,
MSignVGAE™, and DVAMDA?"),

All experiments were performed on two widely
used benchmark datasets, HMDAD and Disbiome,
under three evaluation settings: global, disease-wise
(horizontal), and microbe-wise (vertical) 5-fold cross-
validation. For global prediction, the full network
topology 1is retained. For unseen-disease and unseen-
microbe evaluation, connections involving the held-
out entities are removed when constructing the
network topology. Model performance was assessed
using five metrics***": AUC, AUPR, Accuracy
(ACC) Sensitivity, and Specificity, which jointly
reflect ranking capability, robustness to class
imbalance, and classification performance from a
biological perspective.
2.1.2.1 Performance under global cross-validation

Under the global cross-validation setting, all
known microbe-disease associations were randomly
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Fig.3 Parameter sensitivity under 5—fold CV on the HMDAD dataset

partitioned into five folds, with four folds used for
training and the remaining fold for testing in each
round. This setting evaluates the overall predictive
performance when both microbes and diseases in the
test set have been observed during training.

As shown in Figure 4 and Table S1, GECLMDA
achieves competitive performance against most
existing state-of-the-art methods under the global
cross-validation setting. On the HMDAD dataset,
GECLMDA achieves an AUC of 0.980 3 £ 0.006 9
and an AUPR of 0.928 0 + 0.011 7, demonstrating

strong ranking capability in prioritizing true
associations. Although some baseline methods
achieve higher scores on specific metrics, GECLMDA
maintains a favorable balance between sensitivity and
specificity, reflecting its robustness under highly
imbalanced association data. On the Disbiome dataset,
GECLMDA also performs competitively, achieving
an AUC of 0.944 6 + 0.008 3 and a high specificity of
0.994 6 + 0.004 9. The consistently high specificity
across both datasets indicates that GECLMDA
effectively suppresses false-positive predictions,
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which is particularly important in microbe - disease
association studies where experimental validation is
costly. Overall, these results demonstrate that

GECLMDA can reliably integrate heterogeneous
information to produce accurate and stable predictions
in global settings.
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Fig.4 The ROC and AUPR curves of GECLMDA as well as the baseline methods for predicting microbe—disease

associations on HMDAD and Disbiome

2.1.2.2
validation

Disease-wise cross-validation evaluates the
model's generalization ability to unseen diseases,
representing a challenging disease cold-start setting.
In this setting, 80% of diseases are used for training,
while the remaining 20% are reserved for testing, with
all associations related to test diseases removed from
the training set.

GECLMDA maintains competitive ranking
performance as shown in Table S2. On the HMDAD
dataset, GECLMDA achieves an AUC of 0.899 0+
0.003 4 and an AUPR of 0.931 3+0.004 0, indicating
that the model can effectively prioritize relevant
microbes for diseases without prior association
information. While sensitivity is relatively lower in
this setting, GECLMDA exhibits high specificity,

Performance under disease-wise cross-

suggesting a conservative prediction behavior that
reduces false discoveries under disease-level cold-
start conditions. On the Disbiome dataset, disease-
wise prediction is particularly difficult due to extreme
sparsity and heterogeneous disease definitions.
Despite this, GECLMDA attains a remarkably high
AUC of 0976 4+0.002 8, demonstrating strong
discriminative ability at the ranking level. However,
the lower AUPR and sensitivity suggest a reduced
ability to identify positive associations. This may
partly reflect the limited relational information
available for unseen diseases after disease-wise
partitioning, posing greater challenges for positive-
association prediction.
2.1.2.3  Performance under microbe-wise cross-
validation

Microbe-wise cross-validation further assesses
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the model's ability to predict associations for
previously unseen microbes, which is particularly
relevant for discovering disease relevance of newly
identified or poorly characterized microbial species.
In this setting, 80% of microbes are used for training
and the remaining 20% for testing.

As shown in Table S3, GECLMDA demonstrates
stable performance under microbe-wise evaluation.
On the HMDAD dataset, GECLMDA achieves an
AUC of 0.981 6+0.015 3 and an AUPR of 0.979 0+
0.006 4, indicating strong generalization capability
even when no prior association information is
available for test microbes. The balanced performance
between sensitivity and specificity suggests that the
model can effectively identify potential associations
while maintaining control over false positives.

(A)

0.969 9

1.0 A 0.9106

0.954 6

Five-fold mean score

Similarly, on the Disbiome dataset, GECLMDA
achieves an AUC of 0.946 6+0.009 1 and maintains
high specificity, while the AUPR (0.631 6) and
sensitivity (0.532 3) suggest that positive associations
remain difficult to identify in the microbe-wise cold-
start setting.
2.1.2.4 Validation on the Peryton dataset
Furthermore, we conducted additional global
five-fold cross-validation experiments on the Peryton
dataset. As shown in Figure5, GECLMDA achieved
an AUC of 0.954 6 £ 0.006 7 and an AUPR of 0.958 3
+ 0.006 3, only slightly lower than GCDSAEMDA.
Nevertheless, GECLMDA maintained consistently
strong ranking performance on Peryton, providing
additional evidence of its applicability across different
microbe - disease association datasets.

(B)

1.0 0.9070 A9eza 0ossz 09583

0.920 7

0.8

o
o
V4

Five-fold mean score

o
IS
o M0

0.2

AUPR

Fig. 5 Performance comparison of different methods on the Peryton dataset under five—fold cross—validation

2.2 Ablation experiments

To investigate the contribution of individual
components in GECLMDA, we conduct a series of
ablation experiments on the HMDAD and Disbiome
datasets. Specifically, these experiments are designed
to evaluate (1) the necessity of jointly modeling
structural and semantic information, (2) the
effectiveness of the contrastive alignment mechanism,
and (3) the robustness of the overall framework under
different evaluation settings. All ablation studies are
performed under the same experimental settings to
ensure fair comparison.
2.2.1 Performance comparison with GCN and deep
sparse autoencoder

To assess the individual contributions of the
structural-aware and semantic-aware branches, we

conduct ablation experiments on the HMDAD and
Disbiome datasets without contrastive learning.
Specifically, we compare GECLMDA with two
simplified variants: an Autoencoder variant that
retains only the semantic-aware representation
learning branch, and a GCN variant that retains only
the semantic representation learning branch. The GCN
variant uses the same one-layer GCN setting as
GECLMDA and includes the meta-path-induced
networks. Three comparative strategies are designed
to evaluate the individual impact of each component
on model performance.

As shown in Table 3, our method demonstrates
strong performance, effectively capturing key features
and structural information from structural-aware
embeddings. Notably, the deep sparse autoencoder
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exhibits robust predictive capability, while the
performance of GCNs appears to be highly sensitive

to the data partitioning strategy.

Table 3 Performance of different branches under the global test of S—fold CV on HMDAD and Disbiome

Datasets Methods AcCC AUC AUPR
Autoencoder 0.986 0+0.001 1 0.983 7+0.003 2 0.893 7+0.012 8

HMDAD GCN 0.985 6+0.001 7 0.975 0+0.008 9 0.881 0+0.013 5
GECLMDA 0.989 1+0.001 5 0.980 3+0.006 9 0.928 0+0.011 7
Autoencoder 0.956 0+0.002 1 0.943 2+0.021 2 0.693 2+0.012 7

Disbiome GCN 0.933 1+0.031 7 0.925 3+0.024 9 0.641 0+£0.016 5
GECLMDA 0.987 1+0.001 5 0.944 6+0.008 3 0.715 8+0.001 2

The best and second-best results are written in bold and underlined, respectively.

2.2.2 Performance comparison with different
representation components

To investigate the contribution of each
representation component, we perform component-
wise ablation experiments by removing DSAE, sn-
GCN, or mp-GCN from the full model:

w/o DSAE: removes the semantic-aware
representation component and retains the two graph-
based structural components.

w/o sn-GCN: removes the similarity-network
graph convolution component while retaining mp-
GCN and DSAE.

w/o mp-GCN: removes the meta-path-based
graph convolution component while retaining sn-
GCN and DSAE.

As shown in Table 4, the contribution of each
component varies across datasets and metrics.
GECLMDA achieves the best overall performance on
HMDAD, while on Disbiome the full model obtains
the highest AUPR despite slightly lower ACC and
AUC than the w/o mp-GCN variant. These results
indicate that the three components provide
complementary structural and semantic information
rather than uniform gains across all metrics.

Table 4 Performance of different components under the global test of 5—fold CV on HMDAD and Disbiome

Datasets

Methods

ACC

AUC

AUPR

HMDAD

w/o DSAE
w/o sn-GCN
w/o mp-GCN
GECLMDA

0.988 6+0.002 8
0.987 9+0.002 1
0.987 6+0.003 6
0.989 1+0.001 5

0.976 6+0.008 0
0.969 5+0.016 5
0.971 8+0.012 0
0.980 3+0.006 9

0.908 5+0.016 8
0.847 8+0.024 0
0.911 2+0.016 0
0.928 0+0.011 7

Disbiome

w/o DSAE
w/o sn-GCN
w/o mp-GCN
GECLMDA

0.896 8+0.001 3
0.971 0+0.004 9
0.987 6+0.001 8
0.987 1+0.001 5

0.920 9+0.013 2
0.950 5+0.006 2
0.947 1+0.029 1
0.944 6+0.008 3

0.359 7+0.218 4
0.399 6+0.025 3
0.700 1+0.037 6
0.715 8+0.001 2

The best and second-best results are written in bold and underlined, respectively.

223 Performance comparison with different
contrastive learning strategies

To further evaluate the role of contrastive
learning, we design three comparative strategies that
differ in how cross-view consistency is enforced:

Strategy 1 (full model): positive pairs are defined
based on cross-view counterparts and meta-path -
induced conditional similarities, enabling structural-
aware alignment between representations from
different views.

Strategy 2 (w/o CL): completely removes the
contrastive  learning  objective and  directly
concatenates the representations produced by the two

encoders for downstream prediction

Strategy 3 (CL-Random): replaces the structured
positive sample selection with random sampling,
constructing positive pairs without considering
structural or semantic relevance.

As shown in Fig. 6, the results demonstrate that
removing contrastive learning leads to a consistent
decline in performance, underscoring its importance
in effectively aligning heterogeneous representations.
Although CL-Random yields slight improvements
over the non-contrastive baseline, its performance
remains inferior to that of the proposed strategy. This
observation indicates that contrastive learning alone is
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insufficient; instead, carefully designed positive
sample selection grounded in network structure is
critical for effective cross-view alignment. Overall,
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094

0.92
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088

0.84

0.82

08
AUC AUPR ACC F1

HMDAD

these findings confirm that the proposed contrastive
learning strategy plays a central role in enhancing
representation.

(8) !
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07

065 -

AUC AUPR ACC F1
Disbiome

Fig. 6 the performance of three different strategies on HMDAD and Disbiome

2.3 Case study

To further assess the predictive capability of
GECLMDA, we trained the model on the HMDAD
dataset and applied it to infer association scores
between specific microbes and diseases. Based on the
predicted probabilities, we identify the top 15
candidate diseases associated with two conditions:
asthma and inflammatory bowel disease (IBD). These
predictions were subsequently validated through
literature searches on PubMed.

Asthma is a common chronic inflammatory
airway disease affecting over 300 million individuals
globally, characterized by heterogeneous clinical
manifestations such as recurrent wheezing, chest
tightness, dyspnea, and coughing®. Numerous
studies have highlighted the involvement of genetic,
environmental, and microbial factors—particularly
from the gut and respiratory tract—in asthma
pathogenesis*”. For example, Vael et al.**! found that
Clostridium is significantly associated with asthma.
Fujimura et al.™! found that reduced abundance of
Akkermansia, Bifidobacterium, and Faecalibacterium
prausnitzii in the gut microbiota of children is
associated with allergic asthma. As shown in Table 5,
GECLMDA predicted the top 15 microbes potentially
associated with asthma, 10 of which have been
supported by previous studies.

IBD refers to a group of chronic, relapsing
inflammatory disorders of the gastrointestinal tract,

primarily including Crohn's disease, ulcerative colitis,
and indeterminate colitis*®. IBD imposes a
substantial disease burden, often severely impairing
quality of life. Its etiology is widely considered to
involve complex interactions among the microbiome,
host immunity, and environmental factors. Several
microbial alterations have been implicated in IBD,
including reduced Bacteroidetes abundance, increased
Ruminococcus gnavus, and disrupted host — microbe
homeostasis'*’*).  As presented in Table 6,
GECLMDA successfully identified 15 IBD-associated
candidate microbes, many of which are supported by
existing literature, further demonstrating the model's
effectiveness in uncovering disease-related microbial
signatures.

3 Discussion

In this study, we developed a graph-enhanced
contrastive learning framework for microbe - disease
association prediction. It effectively integrates
complementary structural and semantic information
for microbe - disease association prediction. By
disentangling structural-aware learning from semantic-
aware learning and aligning them through contrastive
optimization, GECLMDA enables the learned
representations to simultaneously preserve interaction
patterns and semantic characteristics. Different from
methods that directly contrast multiple graph-derived
representations, GECLMDA first consolidates graph-
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Table 5 The predicted top 15 microbes associated with

Asthma
Rank Microbe Evidence
1 Sphingomonadaceae PMID: 21194740
2 Helicobacter pylori PMID: 28389738
3 Comamonadaceae PMID: 21194740
4 Oxalobacteraceae PMID: 21194740
5 Bacteroidetes PMID: 25306600
6 Proteobacteria PMID: 35685081
7 Prevotella PMID: 34612663
8 Actinobacteria PMID: 23265859
9 Clostridia Unconfirmed
10 Haemophilus PMID: 35904980
11 Shigella dysenteriae Unconfirmed
12 Actinomyces Unconfirmed
13 Veillonella PMID: 26424567
14 Odoribacter Unconfirmed
15 Alistipes finegoldii Unconfirmed
Table 6 The predicted top 15 microbes associated with
IBD
Rank Microbe Evidence
1 Haemophilus PMID: 33666710
2 Lachnospiraceae PMID: 17699621
3 Bacteroides vulgatus PMID: 29454108
4 Streptococcus PMID: 30392911
5 Veillonella PMID: 16868828
6 Actinobacteria PMID: 17699621
7 Verrucomicrobiaceae PMID: 22572638
8 Prevotella Unconfirmed
9 Escherichia coli PMID: 19573336
10 Bacteroides Unconfirmed
11 Clostridium coccoides PMID: 27687331
12 Proteobacteria Unconfirmed
13 Lactobacillus Unconfirmed
14 Bifidobacterium PMID: 34337079
15 Faecalibacterium prausnitzii PMID: 25391346

based relational information before performing cross-
representation alignment, thereby enabling the joint
exploitation of relational structures and latent
similarity patterns. This design alleviates the
limitations of existing methods that rely on a single
information source or loosely coupled multi-view
fusion strategies.

Extensive experiments on two benchmark
datasets under global, disease-wise, and microbe-wise
cross-validation settings demonstrate that GECLMDA
consistently achieves strong performance across

multiple evaluation metrics, including AUC, AUPR,
accuracy, sensitivity, and specificity. Additional global
validation on Peryton further supports the
generalizability of GECLMDA. In particular, its
robust performance in disease-wise and microbe-wise
evaluations  highlights its capability of the
generalization, which is critical for discovering
associations involving previously uncharacterized
diseases or microbial species. Case studies further
indicate that GECLMDA can generate biologically
plausible and potentially novel predictions,
underscoring its  practical value in  guiding
downstream experimental validation.

Despite these results, several limitations remain.
The sparsity and imbalance of known microbe -
disease associations inevitably constrain model
training and may bias predictions toward well-studied
entities. Although the contrastive learning strategy
partially — mitigates this issue by enhancing
representation  robustness,  incorporating = more
advanced self-supervised or imbalance-aware learning
mechanisms may further improve performance.
However, prediction performance still varies across
datasets and evaluation scenarios, particularly in
challenging cold-start settings. In addition, the current
framework primarily relies on similarity-derived
networks and does not explicitly integrate rich
biological priors, such as microbial abundance
profiles, metabolic pathways, genomic features, or
disease-related drugs and metabolites. Future work
will  extend GECLMDA by incorporating
heterogeneous biological data and more expressive
graph modeling strategies to improve predictive
performance,  interpretability, = and  biological
relevance. Further studies will also investigate more
robust strategies for class imbalance, potential false-
negative associations, and threshold selection in
different prediction scenarios.

4 Conclusion

The gut microbiome is increasingly recognized
as a potential indicator of disease, highlighting the
importance  of  characterizing  disease-microbe
relationships. Integrating complementary biological
information can improve association prediction. Our
framework further supports this hypothesis by
combining graph topology and semantic information,
offering a promising computational approach for
identifying disease-associated microbes.

Data Availability Statement The source and
datasets analyzed during the current study are
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available athttps://github. com/GUT-ShiLab/
GECLMAD. In addition, the associated data for this
paper (DOI: 10.57760/sciencedb. 015pj/ CSTR:
31253.11. sciencedb. 015pj) can be accessed and
obtained from the Science Data Bank database (https://
www.scidb.cn/s/zqlvim).

Supplementary Available online (http://www. pibb.
ac.cn, http://www.cnki.net):

PIBB 20260325 Table Sl.pdf

PIBB 20260325 Table S2.pdf

PIBB 20260325 Table S3.pdf
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