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Abstract

Immune Checkpoint Inhibitors (ICIs) represent
a cornerstone of modern cancer immunotherapy.
However, their clinical application is frequently
accompanied by immune-related Adverse Events
(irAEs) of diverse severity. Predicting Gene-
Disease Associations (GDAS) is crucial for iden-
tifying the related genes that cause irAEs but re-
mains experimentally expensive in the context of
cancer immunotherapy. While existing graph neu-
ral network-based methods provide solutions to
this problem, they often overlook disease-disease
and disease-gene associations that may exist but
have not yet been identified, leading to contami-
nated representations. To address these limitations,
we propose Gene-Disease Associations based on
Optimal Transport (GDAs-OT), a novel frame-
work for GDA prediction. GDAs-OT constructs
gene-gene, disease-disease and gene-disease rela-
tionships as graphs. Optimal transport was uti-
lized to identify potential disease-disease associ-
ations to expand the disease-disease graph struc-
ture, and select high-confidence negative pairs in
the gene-disease graph. By mapping nodes into
a refined embedding space, the processed gene-
disease graph guides node representation learning,
providing robust node representations. Compre-
hensive experiments demonstrate that GDAs-OT
outperforms state-of-the-art methods across most
evaluation metrics. In addition, GDAs-OT suc-
cessfully identifies potential risk genes for irAEs,
providing a computational foundation for under-
standing the mechanisms of immunotherapy toxic-
ity. Code and Supplementary Material are available
at https://github.com/RuhaoLiu/GDAs-OT.

1 Introduction

Cancer remains a critical threat to global public health char-
acterized by its substantial incidence and mortality. In re-
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cent years, the paradigm of cancer treatment has been revo-
lutionized by immunotherapy, with Immune Checkpoint In-
hibitors (ICIs) emerging as a representative modality [Lee
et al., 2016]. With inhibitory pathways, most notably the
PD-1/PD-L1 and CTLA-4 pathways, ICIs can restore cyto-
toxic T-cell activity and enable effective antitumor immune
responses [Postow et al., 2018]. However, this systemic im-
mune activation is frequently accompanied by immune dys-
regulation. A growing body of clinical observations indicate
that ICIs administration can provoke inflammatory toxicity
in diverse organ systems, collectively termed immune-related
Adverse Events (irAEs), which represents a major limitation
to both treatment adherence and patient prognosis [Ramos-
Casals et al., 2020]. Identifying genes associated with irAEs
can help to further explore the underlying mechanisms of
irAE occurrence, which in turn facilitates the refinement of
safer immunotherapy protocols. In this work, we treat irAEs
as diseases, and accordingly formulate the task as a Gene-
Disease Associations (GDAs) prediction problem, aiming to
determine whether a given gene is associated with a specific
disease.

GDAs prediction is an important yet challenging task.
Conventional experimental methods, such as linkage analy-
sis [Ott et al., 2015] and Genome-Wide Association Studies
(GWAS) [Manolio, 2010], are often expensive and require
time-consuming “wet-lab” validation when applied to a large
scale gene sets. To address these issues, a range of compu-
tational methods have been proposed based on conventional
machine learning techniques [Natarajan and Dhillon, 2014;
Isakov et al., 2017; Zeng et al., 2019] and graph neural net-
works [Li et al., 2023; Si et al., 2024; Meng et al., 2024],
among which graph neural network-based approaches have
shown particularly encouraging performance. Despite these
advances, most existing graph neural network-based methods
overlook disease-disease and disease-gene associations that
have not yet been observed but biologically plausible. In this
study, we refer to such missing links as false-negative asso-
ciations. Concretely, the disease-disease associations used
in training are incomplete. For gene-disease associations,
confirmed links are treated as positive pairs, whereas links
without established evidence are typically viewed as nega-
tive pairs. We examine the number of associations reported
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in different public releases of the gene-disease database Dis-
GeNet [Pifiero et al., 2016; Pifiero et al., 2020; Pifiero et
al., 2021] (see Table 1) and found that, many “negative”
pairs in earlier versions are subsequently validated as posi-
tive associations in later releases. This temporal evolution of
knowledge underscores the limitation of static negative sam-
pling and highlights the need for uncertainty-aware or noise-
robust graph inference. To address these issues, we propose
GDAs-OT, a novel GDAs prediction method based on opti-
mal transport. Optimal Transport (OT) was originally formu-
lated as the problem of transforming one probability distri-
bution into another at minimal cost, providing a principled
measure of the overall structural discrepancy between distri-
butions [Peyré et al., 2019].

We construct a heterogeneous network comprising a
disease-disease graph, a gene-gene graph, and a gene-disease
graph using publicly available data, with node features ini-
tialized using pre-trained PubMedBERT [Gu er al., 20211,
a domain-specific transformer-based model pre-trained on
biomedical corpora. In the disease-disease graph, our goal is
to identify previously unrecorded but potentially meaningful
positive pairs to enrich the disease association structure. In-
spired by line graph theory [Harary and Norman, 19601, we
compute edge features by combining the features of the two
endpoint nodes and categorize edges into positive edges (with
observed links) and unobserved edges (links that are currently
absent). We then formulate an OT problem, minimizing the
Wasserstein distance [Peyré et al., 2019] between the dis-
tributions of observed and unobserved edge features. Unob-
served edges that receive transport mass exceeding a prede-
fined threshold are identified as latent positives and used to
enrich the graph’s topological structure.

For the gene-disease graph, the focus shifts to selecting the
most reliable negative pairs from unobserved links in order
to reduce data contamination. Specifically, we minimize the
Gromov-Wasserstein (GW) discrepancy [Peyré et al., 2016]
to obtain an OT matrix between disease and gene nodes, and
treat node pairs with the smallest transport mass as negative
samples. After refining both the disease-disease and gene-
disease graphs, we map nodes from the disease-disease graph
and the gene-gene graph into a shared embedding space us-
ing separate Graph Convolutional Network (GCN) encoders
[Kipf and Welling, 2016]. Guided by the gene-disease rela-
tions, the learned embeddings pull positive gene-disease pairs
closer while pushing negative pairs farther apart. Finally, the
optimized node representations are fed into a multilayer per-
ceptron (MLP) to produce the final GDA predictions.

We benchmark GDAs-OT against six state-of-the-art
(SOTA) models for Gene-Disease Association tasks. Our
framework achieves superior performance across all primary
evaluation metrics, including Accuracy, AUC, Fl1-score, and
AUPR. Ablation studies further confirm the contribution of
each component in the framework. In addition, we curate
several common irAEs and treat them as diseases, then use
the trained GDAs-OT model to identify genes most strongly
associated with each irAE. Existing evidence supports the re-
liability of the genes prioritized by GDAs-OT, and the model
also highlights several potentially relevant genes that have not
yet been reported, with meaningful implications for cancer

DisGeNet version GDAs
V4.0 429,036
V6.0 628,685
V70 1,134,924

Table 1: Number of GDAs in different dataset versions

immunotherapy. Our contributions can be concluded as:

We proposed GDAs-OT, a novel prediction method of
GDAs based on optimal transport for identifying genes
related to immune-related adverse events, which was
benchmarked against SOTA models, achieving the best
performance.

We partitioned edges in the disease—disease graph into
observed positive edges and unobserved edges, learn an
optimal transport plan by minimizing the Wasserstein
distance, and use the resulting transport mass to augment
the graph with high-confidence potential positive edges,
for better capturing disease structural relationships.

We learned an optimal transport matrix between dis-
ease nodes and gene nodes by minimizing the Gromov—
Wasserstein discrepancy, and leveraged it to construct a
high-confidence set of negative pairs. These negatives
guide representation learning in the embedding space
and effectively mitigate performance degradation due to
label noise and data contamination.

We curateed several common irAEs as diseases and
used GDAs-OT to prioritized associated genes, includ-
ing plausible candidate genes that have not yet been re-
ported, offering new directions for downstream biologi-
cal investigation and cancer immunotherapy research.

2 Related Work

In the early stages, exploring the relationship between genes
and diseases was more regarded as a priority ranking prob-
lem of disease genes. Specifically, given a set of known
disease-associated genes and a set of candidate genes for a
particular genetic disease, the objective of disease gene pri-
oritization is to rank the candidate genes according to their
potential relevance to the disease [Tran ef al., 2020]. For ex-
ample, [Natarajan and Dhillon, 2014] used the matrix com-
pletion method to integrate the features of multiple datasets
to predict GDAs. [Isakov et al., 2017] proposed a machine
learning-based gene priority ranking algorithm to infer risk
genes for Inflammatory Bowel Disease (IBD). And [Tran et
al., 2020] constructed a heterogeneous graph to fit a regu-
larized linear SVM, thereby solving the gene priority rank-
ing problem. XGDAG [Mastropietro et al., 2023] utilized
a Markov process with restart to assign pseudo labels to un-
known disease genes, and then used the filtered data to train
GraphSAGE to achieve the ranking of candidate genes.
Recently, with the development of graph neural networks
and the generation of a large amount of disease and gene data,
exploring the relationship between genes and diseases has
gradually been regarded as a link prediction problem. Specif-
ically, it involves inferring the relationship between disease
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nodes and gene nodes. HOGCN [Kishan er al., 2021] im-
plemented a GCN method that integrates high-order neigh-
borhood information. Compared to only considering neigh-
bor information, HOGCN achieved better results in GDAs
prediction. GlaHGCL [Si ef al., 2024] integrates miRNA,
disease and gene data, combines global and local contrastive
learning, and optimizes node embeddings in heterogeneous
graphs for GDAS prediction. FusionGDA [Meng et al., 2024]
proposed to use a pre-trained model to fuse protein sequences
and disease descriptions to improve prediction performance.

3 Methodology

3.1 Preliminary

Biomedical Pre-Trained Language Models

These models are pre-trained on extensive biomedical
datasets, enabling them to learn rich semantic representations
from gene and disease texts. Once pre-training is completed,
the models can be directly applied to obtain text embeddings.
We compared BioGPT [Luo ef al., 2022], LinkBERT [Ya-
sunaga et al., 2022], and PubMedBERT in our experiments,
and PubMedBERT was selected due to its superior perfor-
mance. See the Supplementary Material Section 1 for details.

Graph Convolutional Network

GCN is a learning model for graph-structured data that learns
node representations by aggregating information from neigh-
boring nodes. Given a graph G(V, E), where V, E denote
the sets of nodes and edges, respectively, let A[A;;],xn be
the adjacency matrix. If there exists an edge between node ¢,
j, then A;; = 1; otherwise, A;; = 0. For the [ — th layer,
the node feature representation H' is updated by aggregat-
ing features from the node itself and its first-order neighbors,
yielding the (I + 1) — th layer representation H'*! as follow:

H'TY = GON(H', A W') = o(D~3 AD=5H'WY), (1)

where A = A + I denotes the adjacency matrix with added
self-loops, D is the corresponding degree matrix, W' repre-
sents the trainable parameters of the [ — thlayer, and o(-) is
a nonlinear activation function.

3.2 Data Preprocessing

To construct the gene-gene graph, disease-disease graph, and
gene-disease graph required by GDAs-OT, we integrated data
resources from multiple authoritative biomedical databases.
Specifically, the associations between diseases and their tex-
tual descriptions originated from the Disease Ontology (DO)
database [Schriml et al., 2022]. The relationships between
genes originated from the HumanNet database [Kim ef al.,
2022], the functional description information of genes came
from the Gene Ontology (GO) database [Ashburner et al.,
2000], and the GDAs data were taken from the DisGeNet
database [Pifiero er al., 2021]. Considering the differences
in naming conventions and data coverage among different
databases, certain filtering was performed. Based on dis-
ease names and UMLS Concept Unique Identifiers (CUIs),
diseases in DisGeNet that were not present in DO were ex-
cluded. According to gene names, the gene associations that

Dataset Nodes  Associations
DO 11,985 16,873
HumanNet 17,986 1,088,337
DisGeNet 20,462 505,364

Table 2: Statistics of nodes and associations in the processed dataset

did not exist in HumanNet or GO in DisGeNet were also ex-
cluded. The processed data constitute the final dataset used
in this paper’s experiments. See Table 2.

After completing data preprocessing, we construct gene-
gene graph G9 = G(V9,EY) and disease-disease graph
G = G(V4, E?). Here, V9 = {vf,...,v9} and V¢ =
{vf,..., vg} denote the sets of gene nodes and disease nodes,

respectively, while E9 and E? represent the corresponding
edge sets. Node features are initialized from textual descrip-
tions of genes and diseases, which are encoded using the med-
ical pre-trained model PubMedBERT. For any node v € V,
its feature representation‘is denoted as x,, € R!. The feature
matrix of all nodes is given by X € RIVI*!,

3.3 Disease-Disease Graph Structure Expansion
via Optimal Transport

In the disease graph G, to alleviate the false negative edge
issue, we formulate the problem as an OT task between posi-
tive edges and unobserved edges defined on the same metric
measure space. Specifically, positive edges are treated as the
source distribution, while unobserved edges serve as the tar-
get distribution. By solving the minimization problem asso-
ciated with the Wasserstein distance, we obtain an edge-level
OT matrix, which is then used to structure the graph struc-
ture with potential positive associations. The set of positive
edges consists of known disease-disease relationships. For
node pairs that are not directly connected in the graph, we
regard them as unobserved edges. Since the number of unob-
served edges can be extremely large, we limit their scale by
keeping only the five closest neighbors for each node accord-
ing to cosine similarity of node features. Following the idea
of line graph, we convert edges into nodes and derive edge
representations accordingly. Let i = {u;|e; € E} denote the
set of edge features. For an edge e¢; = (v¢,v? € E), its fea-

wr v

ture is obtained by concatenating the features of its two end-
point nodes, which can be written as u; = [z¢ 29 € R?d.

We then divide I/ into a positive edge feature set /° C U and
an unobserved edge feature set4* C U. Let the edge cost ma-

X
trix be denoted as C' = [¢;j]mxn, Where ¢;; = 1— m
represents the cost of transporting unit mass from the ¢ — th
positive edge to the j — th unobserved edge. Here, m and n
denote the numbers of edges in U* and U?, respectively. In
the absence of prior knowledge, we assume a uniform mass
distribution over edges, leading to the distributions on posi-
tive edges and unobserved edges as ps = %1m, Py = }Lln.

The Wasserstein distance between I/* and U! is formulated as
W(C,ps,pr) = __min 37", Z?:l cij Tij

T (ps,pe)
= min <C/T>, 2)

n T[] (ps,pt)
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Figure 1: Pipeline of the node representation learning. Firstly, OT is employed to perform disease-disease graph structure expansion (blue
block on the left) and negative pairs selection for the gene-disease graph (orange block). Subsequently, gene and disease nodes are mapped
into an embedding space by two separate GCN encoders. The refined gene-disease graph then guides the learning of node embeddings.

where T' = [T};]mxn is the transport matrix. Each T;; cor-
responds to the amount of mass transported from a positive
edge e; € U* to an unobserved edge e; € U'. < -+ > de-
notes the inner product between matrices. [[(ps, pi) = {T €
Rmxn|T]—n = Ps; TT]—m = pt}-

This problem can be solved using the Sinkhorn-Knopp al-
gorithm [Cuturi, 2013]. We consider the entropy regulariza-
tion form of Eq.(2):

Wi(C,ps,p:) = min < C,T>-XH(T). ~(3)
TGH (ps »Pt)
OT matrix 1™ is calculated as
* = diag(a)Kdiag(b), 4

where diag(-) converts a vector to a diagonal matrix, K =
exp (—%), A = 0.1 is the regularization coefficient. Entropy
regularization term H(T') = -3, ;Tj;logT;;. a € R™,
b € R" is calculated through Sinkhorn iterations:

&)

Thus, potential positive pairs in the unobserved edges is de-
fined as an edge that receives the maximum transported mass
from positive edges in the OT solution and whose value ex-
ceeds the threshold 7, = min(1, ﬂim), where (3 is a threshold
weight. Specifically, for any e; € U*, if max; T*;; > Ty, it
is treated as a positive pair. The disease-disease graph after
edge completion is denoted as G¢ = G(V4, E4), with E¢
being the expanded set of positive disease-disease edges. The
pseudo-code is given in Algorithm 1.

3.4 Negative Pairs Selection for the Gene-Disease
Graph via Optimal Transport

Before conducting node representation learning, we need to
select reliable negative pairs from the existing gene-disease

Algorithm 1 Expansion of disease-disease graph structure
Input: GV, EY), U, U, m = |U*], threshold hyperpa-
rameter 3.

Output: G(V4, E9).

: Calculate the cost matrix C.

Initialize E4 « E°.

Obtain T by solving Eq.(3).

Calculate 7,  min(1

1
’ 7)
Bm

for each unlabeled edge e¢; € U* do

if max; T; > 7, then

E? « E¢ U {ej}.

end if
: end for _ _
: return G4(V4, E9).

A A A oy

—_

graph. These negative pairs will guide the representation
learning process. Since this is an OT problem for two differ-
ent metric measure spaces, we consider solving the OT matrix
between genes and diseases by minimizing the GW discrep-
ancy. The GW discrepancy can be viewed as a natural ex-
tension of the GW distance and is more suitable for machine
learning applications [Peyré et al., 2016]. The dissimilarity
between each internal node within a distribution is used to
characterize the respective graph structure, thereby achieving
the optimal structural alignment between two different metric
measure spaces without relying on the comparability of cross-
domain features. For G9 and G, the intra-graph dissimilarity
matrices are denoted as C9 = [¢];],xy and C% = [¢f ;) ]exe,
(z9) T 2? d (a:i,) Tz,
T 2 AT P AT
mass of both gene and disease nodes are assumed to follow
uniform distributions, i.e., p;, = %177, Pa = %15. Following
the common practice [Mémoli, 2011], we define the metric

g _
where ¢;; =1 —
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measure spaces of GY and G? as (C9,py) € RM x Zn
and (C?,pg) € REXE x >_¢- The GW discrepancy between
(C9,p,) and (C4,py) is defined as

GW(C9,C% p,,pa) = _ min Z L(cZ, ¢ ) TiiTir,

Tel’[(pgmd)”l i RAE
= min < L(CYC4LT), T >,
Tell (pg,pa)

(6)
where [] (pg,pa) = T € R7¢|T1e = py, T'1, = pa}. T
denotes the gene-disease transport matrix, and 7 j represents
the transported mass from gene node v; € V9 to disease node
v] e vi. L(CY,Ccl T _) = [L;;] € RV'XIV'I and each
= >0 L(cl), c 7 NTiirs L(-,-). The GW discrepancy
allows flexible choices of loss functions, such as the squared
loss L(a,b) = 1|a — b|* or the Kullback-Leibler divergence
L(a,b) = alog § — a + b. After experimental analysis(see
Supplementary Material Section 2), we adopt the squared loss
in this work.
To efficiently solve Eq.(6), we introduce an entropic regu-
larization term and reformulate it as

GWA(CY9,C% py,pg) = _ min L(CY9,04 T, T >
TEH(pgﬁpd)
— \H(T). @)

Following the method proposed by [Peyré er al., 2016], this
non-convex optimization problem is solved using projected
gradient descent. At the M — th outer iteration, given the
current transport matrix TM) we compute

L(C9,04, T = ¢, — hy (C)TMpy(ch) ', 8)

where C, = fl(C'g)pglgT + 17,(pd)Tf2(C’d)T. When loss
function is set as the square loss, fi(k) = k2, fo(l) = [2,
hi(k) = k and ho(l) = 2l. Accordingly, the transport matrix
at the (M + 1) — th iteration is obtained by

T = Wy (L(09, € TUD) pg,pa).  9)

It is easy to see that Eq.(9) can still be efficiently solved using
the Sinkhorn-Knopp algorithm. Its closed-form solution is

TMHY = diag(a) KW diag(b), (10)

where KM) = exp (M) a and b are computed
according to Eq.(5). The outer iterations are repeated until
convergence or until the maximum number of iterations (set
to 50) is reached, yielding the OT matrix 7. Based on T,
gene-disease pairs with the smallest transported mass are re-
garded as reliable negative pairs. To alleviate class imbal-
ance, the number of selected negative pairs is set equal to that
of positive pairs. The pseudo-code is given in Algorithm 2.

3.5 Node Representation Learning
According to the computation in Eq.(1), the nodes in graphs

GY9 and G? are respectively passed through two GCN en-
coders, and their node embeddings can be expressed as

79 = GCN,(X9, A9, W),
= GONy(X, AL W), (11)

Algorithm 2 Negative gene-disease pairs selection

Input:G(V9, E9), G(Vd, E’d), Dg>» Pd» A, node features
X9, X% max iterations My ay.
Output: Negative gene-disease pairs €.

1: Compute matrices C9, C% and T(®) = p,p,T.

2: for M =0to M. — 1do

3:  Calculate L(C9, C4, TM)) via Eq.(8).

4 L+ L(C9,C%,TWM)

5: K« exp(=L/)\).

6:  Update optimal transport TM+1) via Eq.(9).

7: end for

8: T < TMumax),

9: £~ < gene-disease pairs with smallest transport mass,
€71 =[E7].

10: return £~

where Z9 = [2f,...,20]Tand Z% = [2f,... 2{]T, X¥
and X? denote the node feature matrices of genes and dis-
eases, respectively. A9 and A< are the corresponding adja-
cency matrices with self-loops. W9 and W¢ are learnable
parameters. We define the set of positive gene-disease pairs

as et = {(v? l, J)|A = 1} and the set of negative pairs as

~ C {(vf,vf)|AY; = 0}, A" denotes the adjacency matrix
of the gene- dlsease graph. The negative set £~ is constructed
by selecting node pairs that receive the smallest transport
mass in T, with the constraint |[e™| = |¢7|. Following the
strategy in [Hadsell ez al., 2006], the objective of node rep-
resentation learning is to optimize W9 and W¢ so that em-
beddings of connected node pairs are close in the embedding
space, while embeddings of unconnected pairs are well sepa-
rated. The objective function can be expressed as

1
|€+| (v ;EsJr
«
= >

(v] Uy $ee

L(Wy, Wa) = 7l

||zf — 2

maX{O,W— 12 = 2§11,

(12)

where z/ and z;l are the embeddings of nodes v and vf , re-
spectively. The hyperparameter o balances the attraction of
positive pairs and the repulsion of negative pairs, while v > 0
is a margin that activates a penalty only when the distance be-
tween a negative pair falls below this threshold, thereby pre-
venting representation collapse. The overall pipeline is shown
in Figure 1.

3.6 Gene-Disease Associations Prediction

Here, the learned embeddings of gene nodes and disease
nodes are denoted as Z9 and Z¢, respectively. For a given
gene-disease node pair (v{ ,v;i), we obtain its joint repre-
sentation by concatenating the corresponding node embed-
dings: z;; = [Z) ,2;-1]. Each positive gene-disease pair is
assigned a label y = 1, whereas each negative pair is as-
signed y = 0. We then employ a MLP as the classifier to dis-

tinguish between associated and non-associated gene-disease
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@ Features
Concatenation

Figure 2: GDAs prediction

Method Precision  Fl-score Recall
XGDAG 95.60% 95.80% 96.20%
GDAs-OT(ours) 96.45% 97.52% 98.87%

Table 3: Comparison between GDAs-OT and XGDAG (Positive
Class Only). The best results are shown in bold.

pairs (see Figure 2). Specifically, the concatenated represen-
tation Z;; is fed into the MLP to produce a prediction score:
Ui; = o(farp(Zi;)). Let D denote the training set consisting
of both positive and negative gene-disease pairs, with corre-
sponding labels y;; € {0,1}. The classification loss is de-
fined as

_%Z

(vf,v?)ED

L.= [Yij log gij + (1 — yi;) log(1 — 9is)]

(13)

4 Experiments and Results

4.1 Implementation Details

In GDAs-OT, we design two separate GCN encoders for the
gene-gene graph and the disease-disease graph to learn node
representations. Each encoder consists of a single GCN layer,
with an input feature dimension of 768 and an output em-
bedding dimension of 96. For GDAs prediction, we use an
MLP composed of two Linear layers. The input dimension
of the MLP is 96, and the output dimension is 2, correspond-
ing to the binary classification task. The numbers of training
epochs for the GCN encoders and the MLP are determined
based on empirical analysis. The loss curves under different
training epochs are shown in Supplementary Material Fig-
ure 3. According to the experimental results, the numbers
of epochs are finally set to 20 for the GCN encoders and 15
for the MLP, respectively. All experiments were conducted
on a server equipped with four NVIDIA A100 GPUs (80GB
memory each) and an Intel Xeon Gold 6248R CPU.

4.2 Comparative Methods

To evaluate the effectiveness of GDAs-OT, we compare it
with several recent approaches for GDAs prediction, in-
cluding HOGCN, DGP-PGTN [Li et al., 2023], XGDAG,
FusionGDA, GlaHGCL, and PhenoLinker [Andreu et al.,
2025]. All comparative methods are implemented using the

parameter settings reported in their original papers. Specif-
ically, for comparison with XGDAG, we follow the origi-
nal experimental configuration, use a subset of the DisGeNet
dataset and select the same ten disease-related nodes as those
used in the XGDAG experiments. This dataset contains a to-
tal of 3,208 gene and disease nodes and 4,302 association
edges. In addition, since XGDAG formulates the task as a
multi-class classification problem, we report Precision, Re-
call, and F1-score for the Positive class only to ensure a fair
comparison. (see Table 3).

For the ‘remaining comparison experiments, all methods
were evaluated on the same dataset and under identical ex-
perimental settings. To maintain class balance, we randomly
sampled 10,000 associated pairs and 10,000 non-associated
pairs from the DisGeNet database as positive and negative
samples for the binary classification task. The dataset was
split into training and test sets with a ratio of 8:2, and all
methods were assessed using the same evaluation metrics,
including Accuracy, Fl-score, Area Under the ROC Curve
(AUC), and Area Under the Precision-Recall Curve (AUPR).
All experiments randomly sampled samples from the Dis-
GeNet dataset using 5 different seeds. The results are pre-
sented as the mean + standard deviation. As shown in Ta-
ble 4, GDAs-OT outperforms the competing methods across
all evaluation metrics. In particular, Accuracy and F1-score
are improved by more than 4%, while AUC and AUPR ex-
hibit gains of nearly 2% and over 2%, respectively. These
results indicate that GDAs-OT achieves superior overall pre-
dictive performance compared with existing approaches.

4.3 Ablation Experiment

To examine the contribution of different modules in GDAs-
OT, we conducted an ablation study. Specifically, we de-
signed three model variants as follows. 1) The disease graph
is used without structural expansion. 2) Based on the trans-
port matrix 7, select the gene-disease pair with the highest
transport mass from the unassociated pairs as negative pairs.
3) Node representations for the gene-gene graph and disease-
disease graph are obtained directly from GCN encoders, with-
out the subsequent node representation learning module.
These three variants are referred to as GDAs-OT(a),
GDAs-OT(b), and GDAs-OT(c), respectively. The experi-
mental results are reported in Table 5. Compared with the full
model, all variants exhibit performance degradation to vary-
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AUC

AUPR

86.13%+0.32%
94.07%+1.94%
94.45%+0.40%
96.32%+0.16%
96.81%+0.17%

88.65%=+0.14%
93.54%+3.51%
94.56%+0.53%
95.87%+0.09%
96.16%+0.25%

Method Accuracy F1-score
HOGCN 71.53%+1.89%  77.28%+0.43%
DGP-PGTN 84.80%+1.36%  83.87%+3.11%
GlaHGCL 87.95%+0.85%  87.94%+0.62%
FusionGDA 90.06%+0.61%  90.63%+0.12%
PhenoLinker 90.39%+0.45%  90.66%=£0.79%
GDAs-OT(ours)  95.09%+0.21%  95.10%=+0.20%

98.47%+0.16%

98.55%+0.17%

Table 4: Performance comparison of GDAs-OT with comparative methods, and underlining indicates the second-best results.

Method Accuracy  Fl-score AUC AUPR Disease name Related gene  Reported

GDAs-OT(a) 94.15% 94.03% 97.84% 97.92% SPATA2 True

GDAs-OT(b) 83.65% 83.61% 90.49%  90.04% ZFYVE16 True

GDAs-OT(c) 93.85% 93.62% 97.59%  97.88% Psoriasis SCRNI1 True

GDAs-OT 95.09% 95.10% 98.47%  98.55% NHSL1 False

GFPT2 False

Table 5: Results of the ablation study FHDC1 True

SCO2 True

. . Myasthenia gravis HIF3A True

ing extents. Among them, GDAs-OT(b) shows a substantial SLC22A13 False

drop across evaluation metrics, indicating that the proposed PTBP3 False

negative sarpple se@ectlon strategy based on the OT matrix CDCA2 Trac

plays a crucial role in model performance. HSPD1 True
cge e . Guillain-B d ENO2 T

4.4 Parameter Sensitivity Analysis oA ynarome NOD2 T;Ez

GLO1 True

In this section, we adopted 5-fold cross-validation on the
training set to identify the optimal hyperparameter configu-
ration. The final performance was reported as the average
over the five runs. For all hyperparameters in the GDAs-OT
model, we predefined candidate search ranges. The learning
rate was selected from {0.0001,0.001,0.005,0.007,0.01},
a € {0.1,0.5,1,3,5,10}, 8 € {1,5,7,10,50,100} and
the margin parameter v € {1,5,7,10,50,100}. The cross-
validation results under different hyperparameter settings are
shown in Supplementary Material Figure 4. The results indi-
cate that excessively large or small values of {7, $-and -y lead
to a noticeable drop in accuracy. Interestingly, the model per-
formance shows a negative correlation with the parameter a.
A possible explanation is that overly large values of « place
too much emphasis on separating negative pairs, which weak-
ens the constraint that pulls positive pairs closer in the em-
bedding space and ultimately degrades overall performance.
Based on these observations, we set the final hyperparameters
tolr =0.001, « = 0.1, B=>5and v = 3.

4.5 Identify Genes Related to IrAEs

We selected three common types of irAEs from the exist-
ing research data [Ramos-Casals et al., 2020] for analysis:
Psoriasis, Myasthenia gravis, and Guillain-Barre syndrome.
All three irAEs were treated as diseases. We used all ob-
served gene-disease pairs and an equal number of negative
pairs to train GDAs-OT. After training, the model was applied
to estimate association confidence scores between genes and
each of the three irAEs. For each irAE, genes with confi-
dence scores greater than 0.99 and ranked within the top-5
were selected as potential associated genes. The identified
genes are listed in Table 6, where “Reported” indicates that
the corresponding GDAs has been documented in the Dis-

Table 6: Top-ranked genes associated with irAEs predicted by
GDAs-OT

GeNet database. The results show that most genes identi-
fied by GDAs-OT have already been reported in DisGeNet,
suggesting that the proposed method is effective in identify-
ing disease-related genes. Notably, GDAs-OT also revealed
novel GDAs absent from existing databases, including poten-
tial associations between psoriasis and NHSL1 and GFPT2,
as well as between myasthenia gravis and SLC22A13 and
PTBP3. Furthermore, recent studies have reported that
GFPT?2 is closely involved in immune-related functions such
as immune cell infiltration and immune regulatory processes
[Liu et al., 2024; Zhou and Dong, 2025].

5 Conclusion

In this work, we propose a GDAs prediction method based on
optimal transport. By leveraging optimal transport, the pro-
posed method identifies potential associations in the disease-
disease graph and reliable negative associations in the gene-
disease graph, thereby addressing a key limitation of exist-
ing graph-based methods that overlook false negative associ-
ations. Comparative experiments with several recent methods
demonstrate that our approach consistently achieves superior
performance across all evaluation metrics. In future work, we
plan to further validate the irAEs-associated genes identified
by our model through biological experiments, in order to as-
sess their biological plausibility.
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