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Abstract

Identifying cancer genes is crucial for treatment and un-
derstanding pathogenesis. Recent methods typically lever-
age protein-protein interaction (PPI) networks or gene func-
tional association data from annotated gene sets. There may
be some shared neighborhood structure information between
these two types of gene association data. While this common
information may contain more accurate gene association in-
formation, existing methods often overlook this potential. To
address this gap, we introduce DISFusion, which integrates
multi-omics cancer data, PPI networks, and gene functional
associations to identify cancer genes. A key innovation of
DISFusion is the cross-view decorrelation loss, which en-
hances the common information between PPI networks and
gene functional associations, thereby improving prediction
accuracy. Extensive experiments indicate that DISFusion out-
performs state-of-the-art methods and exhibits greater gen-
eralization ability. Moreover, analysis of CPTAC pan-cancer
proteomic data highlights significant associations between
the 30 novel cancer genes predicted by DISFusion and multi-
ple cancer types, underscoring its practical utility. These find-
ings validate the effectiveness of enhancing common infor-
mation and provide new insights into cancer gene identifica-
tion.

Code —
https://github.com/CharlesDeng0814/DISFusion.git

Introduction
Cancer arises from the accumulation of alterations in criti-
cal genes, leading to dysregulation of the balance between
cell division and apoptosis. Therefore, a key goal of can-
cer genomic research is to identify the genes that drive can-
cer initiation and progression (Garraway and Lander 2013;
Lawrence et al. 2014; Alexandrov et al. 2013). The identifi-
cation of cancer genes is the key to exploring the complex
pathogenesis and targeted therapy of cancer (Garraway and
Lander 2013; Lawrence et al. 2014; Alexandrov et al. 2013;
Nofech-Mozes et al. 2023). Although the Network of Cancer
Genes (NCG) (Repana et al. 2019) and the COSMIC Cancer
Gene Census (CGC) (Sondka et al. 2018) have been used to
annotate some cancer genes. However, the current catalog
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of known cancer genes is insufficient to fully account for the
characteristics observed in the majority of cancer samples.
Accurate identification of cancer genes from many candi-
date genes remains a critical challenge.

Recent computational methods for cancer gene identifi-
cation can be categorized into manual feature-based, bio-
logical network-based, and functional association-based ap-
proaches. Manual feature-based methods typically use sta-
tistical results from sequencing data as rules for identify-
ing cancer genes or as features of genes to train machine
learning models, such as MutSigCV (Lawrence et al. 2013),
20/20+ (Tokheim et al. 2016) and DORGE (Lyu et al. 2020).
Biological network-based methods use the association in-
formation between genes in biological networks to predict
cancer genes (Reyna, Leiserson, and Raphael 2018; Barel
and Herwig 2020; Schulte-Sasse et al. 2021; Peng et al.
2022). Among those methods, one of the most representa-
tive is EMOGI (Schulte-Sasse et al. 2021); it proposes inte-
grating multi-omics features of genes and the protein-protein
interaction (PPI) network with the graph neural network to
identify cancer genes. Functional association-based methods
use machine learning or hypergraph neural networks to ex-
tract higher-order functional association information among
genes in annotated gene sets to predict cancer genes, such as
predCAN (Althubaiti et al. 2019) and DISHyper (Deng et al.
2024).

Biological network and functional association-based
methods typically focus on binary gene associations (e.g.,
PPI) or higher-order functional associations (e.g., signaling
pathways). Previous studies have demonstrated that cancer
genes tend to cluster in specific biological processes, hall-
mark signaling pathways, and interacting subnetworks (Vo-
gelstein et al. 2013; Creixell et al. 2015; Reyna et al. 2020).
This observation suggests that integrating binary and func-
tional gene association information could enhance the ac-
curacy of cancer gene identification. Indeed, methods like
MODIG (Zhao et al. 2022) have begun to explore this inte-
gration through the use of multiple gene networks and graph
attention networks. However, a significant limitation of these
methods is that they ignore the information interactions be-
tween different types of gene association data. Specifically,
there may be shared neighborhood structure information be-
tween PPI networks and gene functional associations. This
common information could provide more accurate and im-
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portant insights into gene associations, yet it is often over-
looked. Therefore, our work focuses on enhancing this com-
mon information between PPI networks and gene functional
associations to more accurately and comprehensively char-
acterize gene association patterns, ultimately improving the
identification of cancer genes.

We present DISFusion, which improves the performance
of identifying cancer genes by enhancing the common in-
formation between PPI networks and gene functional asso-
ciations. In DISFusion, we first employ graph convolutional
networks (GCN) (Kipf and Welling 2017; Defferrard, Bres-
son, and Vandergheynst 2016) and hypergraph neural net-
works (HGNN) (Feng et al. 2019) to extract gene association
information and generate gene embeddings from PPI net-
works and annotated gene sets. Then, we employ the cross-
view decorrelation loss to enhance the common information
between the PPI network and gene functional association of
annotated gene sets, and to reduce the redundancy between
gene embeddings. Finally, we fuse the gene embedding of
these two association information and identify cancer genes.

The main contributions of our work are listed as follows:
• A new method named DISFusion is proposed to iden-

tify cancer genes by integrating multi-omics features, PPI
networks, and gene function associations.

• DISFusion considers the common information between
gene association data and designs cross-view decorrela-
tion loss to enhance the common information and im-
prove gene representation quality.

• DISFusion is compared with other advanced methods on
pan-cancer gene data, two independent test sets, and six
single cancer types. Experimental results show that DIS-
Fusion outperforms all other baseline methods.

• The analysis of pan-cancer proteomic data highlights sig-
nificant associations between the 30 novel cancer genes
predicted by DISFusion and multiple cancer types. This
real-world validation underscores the practical utility of
our approach in cancer research.

Related Works
The cancer gene identification task can be viewed as a clas-
sification problem, which aims to screen out cancer genes
from tens of thousands of candidate genes using gene multi-
omics data or gene association data.

Recently, there have been many computational methods
for cancer gene identification. MutSigCV (Lawrence et al.
2013) identifies cancer genes by looking for genes with mu-
tation rates that are significantly different from the back-
ground frequency distribution. The 20/20+ (Tokheim et al.
2016) method constructs multiple gene mutation features
and proposes to use machine learning models to find genes
with similar mutation patterns to known cancer genes. In ad-
dition, DORGE proposes to identify oncogenes and tumor
suppressor genes based on elastic networks integrating mul-
tiple features such as mutations and epigenetics (Lyu et al.
2020). The above methods usually only consider the charac-
teristics of genes but not the association between genes. To
this end, many cancer gene identification methods that uti-
lize gene networks or gene functional associations have been

proposed. Methods such as Hierarchical HotNet (Reyna,
Leiserson, and Raphael 2018) and NetCore (Barel and Her-
wig 2020) use PPI networks to partition submodules with
cancer mutation signatures and identify cancer candidate
genes. MTGCN (Peng et al. 2022) introduces the link pre-
diction auxiliary task of the PPI network to the EMOGI
and enhances gene feature learning through a multi-task
learning framework. HGDC (Zhang et al. 2023) introduces
graph diffusion to generate auxiliary networks and designs
an improved message aggregation and propagation scheme
to adapt to the heterophilic setting of biological networks.
EMGNN (Chatzianastasis, Vazirgiannis, and Zhang 2023)
designs an interpretable multi-layer graph neural network
approach to identify cancer genes by leveraging multiple
gene-gene interaction networks and pan-cancer multi-omics
data. Meanwhile, predCAN (Althubaiti et al. 2019) proposes
to predict cancer genes based on functional association data
such as Gene Ontology (GO) and Mammalian Phenotype
Ontology (MPO). DISHyper (Deng et al. 2024) proposes
to extract higher-order functional association information of
genes in different types of annotated gene sets based on hy-
pergraph neural networks to predict genes with similar func-
tional association patterns to cancer genes. Moreover, meth-
ods such as MODIG (Zhao et al. 2022) also attempt to inte-
grate multiple gene association information to identify can-
cer genes.

Methodology
In this section, we introduce the DISFusion method for can-
cer gene identification tasks, designed to improve the perfor-
mance of identifying cancer genes by enhancing the com-
mon information between PPI networks and annotated gene
sets. As illustrated in Figure 1, the following parts will detail
the procedure of DISFusion.

Extract Feature Representation of PPI Network
Based on Graph Model
The PPI network represents binary association relationships
between genes(Schulte-Sasse et al. 2021; Liu et al. 2023). To
make full use of the binary association in the PPI network,
we use the graph G(V,E) to represent it, where the node
V = {v1, v2, v3, ..., vn} in the graph represents n genes,
and the edge E represents m protein interactions. Then, we
use the adjacency matrix of the PPI network and the pan-
cancer feature matrix of genes as the input of the graph
neural network to extract the binary association informa-
tion and multi-omics features of the gene. In DISFusion, we
use the Chebyshev graph convolutional network (Defferrard,
Bresson, and Vandergheynst 2016). Compared with typical
GCN, Chebyshev GCN has higher flexibility in aggregating
high-order neighbor information. The single-layer Cheby-
shev GCN formula is as follows:

Z = σ(
K∑
k=1

T(k) ·Θ(k)) (1)

where Z denotes the gene feature learned by the Chebyshev
GCN layer. σ denotes the activation function, where we use
ReLU. Θ is the learnable parameter matrix. T(k) represents
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Figure 1: Illustration of DISFusion. DISFusion integrates functional association hypergraphs, pan-cancer multi-omics features,
and PPI networks as inputs. It uses a three-layer Chebyshev GCN and a three-layer hypergraph residual learning module to
extract gene binary association embeddings Z(G) and gene functional association embeddings Z(HG). Then, it applies a cross-
view decorrelation loss Ldeco to enhance shared information between the PPI network and functional associations. Finally,
DISFusion fuses the gene embeddings and predicts the cancer risk score for each gene.

the Chebyshev polynomial of order k, which may be com-
puted recursively by T(k) = 2 · L̂ · T(k−1) − T(k−2) with
T(1) = X and T(2) = L̂ ·X. The K controls the order of
the Chebyshev filter, and we set the K as 2 in our model.
L̂ = 2L

λmax
− I represents the scaled Laplacian, where L

denotes the Laplacian matrix of G and λmax denotes the
largest eigenvalue of L. We stack three layers of Chebyshev
GCN layers in DISFusion to learn the association informa-
tion of genes in the PPI network and finally output the gene
embedding Z(G) ∈ Rn×d, where the input of each layer is
the output of the previous layer.

Extract Feature Representation of Functional
Association Based on Hypergraph Model
Annotated gene sets encode higher-order functional associa-
tions between multiple genes (Luo 2022; Deng et al. 2024).
To exploit higher-order gene functional association infor-
mation in annotated gene sets, we represent and integrate
multiple types of annotated gene sets with the hypergraph
HG(V,E,W). The node V = {v1, v2, v3, ..., vn} in the
hypergraph represents n genes, and the hyperedge E =
{e1, e2, e3, ..., em} represents m annotated gene sets. The
W denotes the diagonal matrix of the hyperedge weights.
For the incidence matrix H ∈ <n×m of the hypergraph,
we define that if the a-th gene va belongs to the b-th anno-
tated gene set eb, then H(va, eb) = 1, otherwise 0. Then, we
use the incidence matrix H of the hypergraph and the pan-
cancer feature matrix as the input of the hypergraph neural
network method to extract the higher-order functional as-
sociation information and multi-omics feature of the gene.

Referring to previous research, we use the disease-specific
hypergraph neural network (Deng et al. 2024), whose for-
mula is as follows:

X(l+1) = σ(D
− 1

2
v HWdD

−1
e HTD

− 1
2

v X(l)Θ(l) + X(l))

(2)

wi =

∑
v∈V H(v, ei)f(v, Vd)∑

v∈V H(v, ei)
(3)

f(v, Vd) =

{
1 if v ∈ Vd
0 if v /∈ Vd

(4)

where the X(l+1) and X(l) represent the output of the l + 1
layer and the l layer. We define the degree of the node va
is d(va) =

∑
e∈E w(e)H(va, e) and the degree of the hy-

peredge eb is δ(eb) =
∑
v∈V H(v, eb). Wd is the weighted

hyperedge weight matrix and wi denotes the weight of the
i-th (i ∈ [1,m]) hyperedge, and Vd denotes the set of known
cancer genes. The f(v, Vd) is used to indicate whether gene
v belongs to Vd. The Dv ∈ Rn×n and De ∈ Rm×m denote
the diagonal matrices of the node degrees and the hyperedge
degrees, respectively. The final output of this module is the
gene embedding Z(HG) ∈ Rn×d.

Enhancing Common Information Based on
Cross-View Decorrelation Loss
DISFusion aims to learn the output embedding Z based on
the input, that is, the multi-omics feature X, the graph G,
and the hypergraphHG. Integrating two types of association
information may help us describe gene association patterns
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more comprehensively. For example, genes like STIM1 and
TRPC1 exhibit PPI without functional associations, while
STIM1 and GCHFR show functional associations without
direct PPI. This complementarity highlights how PPI and
functional data offer distinct yet valuable insights. Addition-
ally, genes like NOS1 and BDKRB2, which share both PPI
and functional associations, often indicate stronger, more bi-
ologically relevant connections. Such shared neighborhood
structure information may be more accurate or important in
gene association research. Therefore, it is necessary to main-
tain the consistency of gene embedding in graphs and hyper-
graphs to enhance common information across views and
improve the quality of gene embeddings.

In DISFusion, we employ the cross-view decorrelation
loss to enhance common information from gene embeddings
Z(G) and Z(HG) across the graph and hypergraph. Specifi-
cally, we first generate the cross-view embedding correlation
matrix K ∈ Rd×d for Z(G) and Z(HG) by defining its ele-
ment as:

kij =

∑
nz

(G)
n,i z

(HG)
n,j√∑

n(z
(G)
n,i )2

√∑
n(z

(HG)
n,j )2

(5)

We then enforce K to converge to the identity matrix I ∈
Rd×d by:

Ldeco =
d∑
i=1

(kii − 1)2 + λ
d∑
i=1

∑
j 6=i

(kij)
2 (6)

where λ is a non-negative parameter to have a trade-off be-
tween the first term and the second term of Eq. (6).

In Eq. (6), the first term makes each element in Z(G)

tend to be equivalent to the corresponding element in Z(HG)

(Zbontar et al. 2021). This consistency constraint enables
Eq. (6) to enhance cross-view common information between
graph and hypergraph. In addition, the second term elim-
inates feature redundancy in different dimensions between
Z(G) and Z(HG), which can enhance the quality of feature
embedding (Zbontar et al. 2021).

Finally, we fuse the features of the graph and the hyper-
graph, and use the fully connected layer and softmax func-
tion to obtain the predicted risk score for each gene:

Z = concat(Z(G),Z(HG)) (7)

Ŷ = Softmax(ZΘ + b) (8)

We use the cross-entropy loss as the loss function for the
cancer gene identification task and optimize it together with
the cross-view decorrelation loss.

L = −
∑
l∈YL

2∑
i=1

YliŶli + αLdeco (9)

where Y ∈ Rn×2 denotes the label of each gene, and YL
denotes the labeled nodes set. The α represents the weight
of the cross-view decorrelation loss, and we use this weight
to adjust the impact of the cross-view decorrelation loss on
model training.

Experiment
Data Source and Baselines
Data Source. DISFusion takes three main inputs: the PPI
network, pan-cancer multi-omics features, and annotated
gene sets. Known cancer and non-cancer genes are used as
labeled data during model training.

We use the same PPI network and pan-cancer multi-omics
features as EMOGI (Schulte-Sasse et al. 2021). The PPI
data, sourced from ConsensusPathDB (CPDB) (Kamburov
et al. 2013), filters interactions with scores below 0.5, result-
ing in a network of 13,627 genes and 504,378 interactions.
Pan-cancer features include gene mutation, DNA methyla-
tion, and gene expression data from 8,000 samples across 16
cancer types in The Cancer Genome Atlas (TCGA) (Wein-
stein et al. 2013). The annotated gene data is obtained from
the Molecular Signatures Database (MSigDB) (Liberzon
et al. 2015), utilizing C2 and C5 gene sets comprising signal-
ing pathway and ontology gene data from expert databases
like BioCarta (Rouillard et al. 2016), Reactome (Fabregat
et al. 2018), KEGG (Kanehisa and Goto 2000), GO (Consor-
tium 2004), and human phenotype ontology (HPO) (Köhler
et al. 2021). To ensure accurate model evaluation, we ex-
clude gene sets directly linked to cancer during training and
testing. To align with the previous data, we retained only
the functional associations of 13,627 genes in the annotated
gene set. In total, we compile 20,647 annotated gene sets
representing functional associations among 13,627 genes.

The known cancer driver genes are gathered from
NCG(v6.0) (Repana et al. 2019), COSMIC CGC (v91)
(Sondka et al. 2018), and DigSEE databases (Kim et al.
2013), serving as positive samples. The non-cancer genes
are obtained by iteratively removing genes from NCG, COS-
MIC CGC, OMIM, DigSEE, and KEGG cancer pathway
gene set databases. Therefore, during our model training and
testing process, we have a total of 796 positive sample genes
and 2,187 negative sample genes.

We also collect six single cancer types datasets: cervical
squamous cell carcinoma and endocervical adenocarcinoma
(CESC), bladder urothelial carcinoma (BLCA), esophageal
carcinoma (ESCA), head and neck squamous cell carcinoma
(HNSC), lung adenocarcinoma (LUAD), and lung squamous
cell carcinoma (LUSC). The positive sample genes for these
single cancer types are sourced from DriverDB (v.3) (Liu
et al. 2019), with 291, 522, 555, 214, 135, and 396 samples,
respectively. The negative samples remain the same 2,187
genes used in the pan-cancer dataset.

Baseline and Implementation. We compare our method
with the following six advanced methods: 20/20+ (Tokheim
et al. 2016), DORGE (Lyu et al. 2020), EMOGI (Schulte-
Sasse et al. 2021), MTGCN (Peng et al. 2022), MODIG
(Zhao et al. 2022) and DISHyper (Deng et al. 2024). The
key distinctions of DISFusion compared to baseline meth-
ods include: (1) it integrates multi-omics data, PPI networks,
and functional associations for cancer gene identification,
whereas many baselines use only one or two data types;
(2) it employs a cross-view decorrelation loss to capture and
enhance shared information between PPI and functional as-
sociations, thus improving gene representation quality. All
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Method AUROC AUPRC

20/20+ 0.821±0.025 0.733±0.030

DORGE 0.896±0.017 0.841±0.020

EMOGI 0.893±0.015 0.799±0.028

MTGCN 0.899±0.013 0.813±0.020

MODIG 0.903±0.014 0.819±0.022

DISHyper 0.930±0.010 0.870±0.017

DISFusion 0.948±0.008 0.897±0.013

(A) (B)

Figure 2: Benchmarking results of DISFusion. (A) Performance comparison of DISFusion and six state-of-the-art cancer gene
identification methods. (B) Performance comparison of DISFusion and other methods on two independent test sets.

experiments are conducted on an Ubuntu server equipped
with 256GB of memory and six RTX 2080 GPUs. Detailed
implementation information can be found in our code and
Appendix A.

Performance on Pan-Cancer Gene Identification
We demonstrate the performance superiority of DISFusion
by comparing it with six advanced cancer gene identification
methods. The area under the receiver operating characteris-
tic curve (AUROC) and the area under the precision-recall
curve (AUPRC) are evaluation metrics for the model perfor-
mance. As shown in Figure 2A, DISFusion significantly out-
performs other advanced cancer gene identification meth-
ods. Compared with 20/20+ and DORGE, two methods
based on manual features, DISFusion achieved significant
improvements of 5.2% and 5.6% on AUROC and AUPRC,
respectively (P-value < 0.05 by one-sided Wilcoxon rank-
sum test). Compared with EMOGI and MTGCN, two deep
learning methods based on biological networks, DISFusion
also achieved significant improvements, improving by 4.9%
and 8.4% on AUROC and AUPRC, respectively (P-value
< 0.05). Compared with the functional association-based
method DISHyper, DISFusion also significantly improves
AUROC and AUPRC by 1.8% and 2.7%, respectively (P-
value < 0.05). Compared with MODIG, a method that inte-
grates multiple gene networks, DISFusion also significantly
improves AUROC and AUPRC by 4.5% and 7.8%, respec-
tively (P-value < 0.05). The above results show the per-
formance superiority of DISFusion and the significance of
integrating multiple association information.

To further evaluate the generalization performance of
DISFusion and its ability to identify cancer genes, we
use two sets of curated cancer genes as independent test
sets. The two independent test sets are from the OncoKB
(Chakravarty et al. 2017) database and the ONGene (Liu,
Sun, and Zhao 2017) database. To ensure the fairness of the
comparison, we screened 313 and 382 cancer genes from
these two databases for performance comparison of indepen-

dent test sets. We use AUPRC as the evaluation metrics and
we treat the genes in the independent test set as true positives
and all other genes not included in the independent test set as
false positives. Since the baseline size of AUPRC depends
on the ratio of positive and negative samples, the AUPRC
value of each method is low. As shown in Figure 2B, we find
that DISFusion achieves the best performance on both inde-
pendent test sets. DISHyper is the best-performing method
among the compared methods. Compared with DISHyper,
DISFusion has a relative improvement of 25% and 13% on
two independent test sets, respectively. This result shows
that DISFusion has a stronger generalization ability in pre-
dicting new cancer genes.

Performance on Cancer Type-Specific Driver Gene
Identification
To further evaluate the effectiveness of DISFusion, we test
its ability to identify cancer genes in six single cancer types.
We use the same PPI network and functional association
data as the pan-cancer data to train individual cancer gene
identification models.

Table 1 lists the AUPRC of DISFusion and other ad-
vanced methods for these six single cancer types. The re-
sults show that DISFusion significantly outperforms other
advanced methods across all six cancer types. For instance,
DISFusion improves by 3.4% over the second-best method
DORGE, in CESC. In HNSC and LUAD, DISFusion im-
proves by 6.8% and 9.8%, respectively, over the second-best
method DISHyper. These results demonstrate the effective-
ness of DISFusion for individual cancer types and highlight
its strong generalization capability, indicating its potential as
a robust tool for identifying cancer genes.

Significance of Cross-View Decorrelation Loss in
DISFusion
DISFusion employs cross-view decorrelation loss to en-
hance the common information between the PPI network
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Method CESC BLCA ESCA HNSC LUAD LUSC

20/20+ 0.689±0.049 0.438±0.036 0.647±0.036 0.417±0.069 0.518±0.064 0.485±0.042

DORGE 0.695±0.051 0.512±0.036 0.658±0.028 0.427±0.063 0.537±0.068 0.543±0.048

EMOGI 0.676±0.046 0.521±0.032 0.680±0.042 0.424±0.066 0.499±0.071 0.493±0.050

MTGCN 0.686±0.053 0.537±0.040 0.691±0.039 0.445±0.067 0.546±0.083 0.499±0.048

MODIG 0.672±0.056 0.543±0.047 0.672±0.048 0.462±0.073 0.512±0.076 0.512±0.059

DISHyper 0.658±0.052 0.605±0.048 0.695±0.040 0.474±0.063 0.553±0.062 0.538±0.046

DISFusion 0.729±0.039 0.618±0.053 0.729±0.041 0.542±0.068 0.651±0.065 0.574±0.043

Table 1: The performance of cancer type-specific driver gene identification: Mean AUPRC ± standard deviation. Boldfaced
letters are used to indicate the best mean AUPRC and underline is for the second.
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Figure 3: (A) Ablation analysis experimental results of DIS-
Fusion. The error bars in the figure represent 95% confi-
dence intervals. (B) Impact of α on DISFusion performance.

and gene function association. We evaluate the importance
and effectiveness of cross-view decorrelation loss through
ablation analysis, parameter analysis, and case studies.

Firstly, in ablation analysis, we compare DISFusion with
the following variants: (1) Graph: Utilizes only the binary
association information extraction module in DISFusion,
which uses the PPI network and multi-omics features to pre-
dict cancer genes. (2) Hypergraph: Only using the gene func-
tional association information extraction module in DISFu-
sion to predict cancer genes. (3) DISFusion w/o Ldeco: It is
only fusing feature representation without cross-view decor-
relation loss. We investigate the effectiveness of fuse two
gene association information by comparing DISFusion w/o
Ldeco with the previous two variants. As shown in Figure
3A, DISFusion w/o Ldeco outperforms other variants. Com-
pared with Graph and Hypergraph, DISFusion w/o Ldeco
improves AUROC and AUPRC by 0.9% and 1.2%, respec-
tively. This result shows that fusing these two types of gene
association information can improve the performance of the
model. We also investigate the effectiveness of cross-view
decorrelation loss by comparing DISFusion with DISFusion
w/o Ldeco. As shown in Figure 3A, adding the cross-view
decorrelation loss significantly improved the AUROC and

AUPRC of DISFusion by 1.1% and 1.5% (P-value < 0.05),
respectively. The results show that using cross-view decor-
relation loss can effectively improve the performance of the
model in identifying cancer genes.

Secondly, we analyze the impact of the cross-view decor-
relation loss weight. Figure 3B shows the change in model
performance as the α value changes. We find that the model
performance first increase and then decrease as α changes
and achieves optimal performance when α is 0.005. When
α is 0, the cross-view decorrelation loss has no effect, and
the performance drops significantly compared to when α is
0.005. As α increases, cross-view decorrelation loss comes
into play, improving model performance by extracting com-
mon information across views and reducing redundancy be-
tween embeddings. But when α > 0.01, the performance of
the model drops significantly. This may be because exces-
sively high values of α impose overly stringent constraints
on model parameters, leading the loss function to overem-
phasize the extraction of common information at the expense
of optimizing the classification task. These results highlight
the critical role of the cross-view decorrelation loss in im-
proving model performance.

Finally, we illustrate the importance of cross-view decor-
relation loss through the case study of DISFusion prediction
results. In the top-ranked 200 genes of DISFusion’s predic-
tion (Appendix Table 1), we find that some genes would be
ranked lower in the prediction results of biological network-
based or functional association-based methods. For instance,
TTN and DMD are highly ranked by biological network-
based approaches but low in functional association-based
methods, while the opposite is true for WNT5A and CDC42.
These genes have been extensively documented in the liter-
ature as cancer-driver genes or as being closely associated
with various cancers (Zheng et al. 2021; Jones et al. 2021;
Prasad et al. 2018; Xiao et al. 2018). This finding under-
scores that integrating multiple types of association infor-
mation enables more precise identification of cancer genes.
Moreover, we observe that ANXA1 and TLR2, which are
ranked low by both biological network-based and functional
association-based methods, achieve higher rankings in DIS-
Fusion. Notably, ANXA1 has been linked to survival in can-
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Figure 4: Evaluation of DISFusion-predicted novel cancer genes (novelCG) using CPTAC proteomic data. The figure displays
protein differential expression results for 30 novelCG across 12 cancer proteome datasets from the CPTAC study. The brown in
the figure represents significant up-regulation in cancer, blue indicates significant down-regulation, gray denotes missing data,
and white indicates no significant difference.

cers such as pancreatic cancer and triple-negative breast can-
cer (Al-Ali et al. 2024), while TLR2 has been identified as a
tumor suppressor gene in non-small cell lung cancer (Mil-
lar et al. 2022). This result highlights the critical role of
cross-view decorrelation loss, which can help us reveal can-
cer genes that were not discovered by previous methods to
obtain more comprehensive and accurate predictions.

Validation of DISFusion-Predicted Novel Cancer
Genes Using Proteomic Data
To demonstrate the practical value of DISFusion, we con-
ducted a comprehensive analysis of the top-ranked 200
genes of DISFusion’s prediction (see details in Appendix B
and C). Moreover, we find that 170 of the top-ranked 200
genes of DISFusion’s prediction have been annotated as can-
cer genes by the CancerMine database (Lever et al. 2019),
and the remaining 30 genes are neither in CancerMine nor
in NCG and COSMIC CGC. We regard these 30 genes as
novel cancer genes (novelCG, Appendix Table 2) discovered
by our model and perform validation analysis on these 30
genes based on the proteomic data in the Clinical Proteomic
Tumor Analysis Consortium (CPTAC) (Li et al. 2023).

Specifically, we assess the differential protein expression
of these 30 novelCG across the 12 tumor types. As shown
in Figure 4, we find that 21 genes in novelCG have sig-
nificant protein differential expression in at least one tu-
mor (fold change > 1.5 or fold change < 1/1.5, P-value
< 0.05). In addition, we also find that TGFB2, TGFB3,
FBN1, GAB1, ITGB3, and other genes have significant dif-
ferential protein expression in multiple tumors. TGFB2 and
TGFB3 encode secreted ligands of the transforming growth
factor-β (TGF-β) protein superfamily. Both genes are inte-
gral components of the TGF-β signaling pathway, regulating
processes such as cell growth, proliferation, differentiation,
and movement, and are closely associated with apoptosis. In
addition, FBN1 encodes the fibrillin-1 protein, which binds

to each other and other proteins in the extracellular matrix
to form microfibrils. Microfibrils store transforming growth
factor-β and help regulate TGF-β availability. Therefore,
FBN1, along with TGFB2 and TGFB3, may be closely asso-
ciated with cancer and potentially cooperatively regulate the
occurrence and development of various tumors. Among the
genes where no protein differential expression is observed,
MLH3 is found to have mutations in cancer patients (Ko-
rhonen, Vuorenmaa, and Nyström 2008), while FANCM is
similarly observed to have significant nonsense mutations in
breast cancer (Kiiski et al. 2014). The above results demon-
strate the practical value and prediction reliability of DISFu-
sion and suggest that novelCGs may contain potential cancer
genes.

Conclusion
In this paper, we propose a new method named DISFusion,
which integrates multi-omics features, PPI networks, and
gene functional associations to improve the identification
of cancer genes. In DISFusion, it first employs GCN and
HGNN to extract gene association information and gener-
ate gene embeddings from PPI networks and annotated gene
sets. It then employs the cross-view decorrelation loss to en-
hance the common information between the PPI network
and gene functional association of annotated gene sets to
improve the quality of gene embeddings. Finally, it fuses
the gene embedding of these two association information
and identifies cancer genes. Extensive experiments indicate
that DISFusion outperforms state-of-the-art methods and ex-
hibits greater generalization ability. Our analysis highlights
the critical role of cross-view decorrelation loss in improv-
ing model performance and identifying cancer genes. More-
over, analysis of CPTAC pan-cancer proteomic data high-
lights the practical utility of DISFusion and its potential in
advancing cancer gene discovery.
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