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Abstract

Background: Integrating multi-omics data for cancer subtype recognition is an
important task in bioinformatics. Recently, deep learning has applied to recognize
the subtype of cancers. However, existing studies almost integrate the
multi-omics data simply by concatenation as the single data and then learn a
latent low-dimensional representation through deep learning model, which didn’t
considering the distributes differently of omics data. Moreover, these methods
ignore the relationship of samples.

Results: In order to tackle these problems, we proposed SADLN: a self-attention
based deep learning network of integrating multi-omics data for cancer subtype
recognition. SADLN combined encoder, self-attention, decoder, and discriminator
into a unified framework, which can not only integrate multi-omics data but also
adaptively model the sample’s relationship for learning a accurately latent
low-dimensional representation. With the integrated representation learned from
the network, SADLN used Gaussian Mixture Model to identify cancer subtypes.
Experiments on ten cancer datasets of TCGA demonstrated the advantages of
SADLN compared to ten methods.

Conclusions: The Self-Attention Based Deep Learning Network (SADLN) is a
effective method of integrate multi-omics data for cancer subtype recognition.

Keywords: Self-attention; Deep learning; Multi-omics data; Gaussian Mixture
Model; Cancer subtype recognition

Introduction

Cancer is a heterogeneous disease caused by changes at the transcription, expression,

epigenetic and proteomic level of cellular components. That is the same cancer

have different subtypes which influence the clinical treatment and prognosis[1][2].

Therefore, cancer subtype recognition is key to an improved and more personalized

prognosis and treatment[3]. With the developments of high-throughput biology,

there yield large amounts of multi-omics data, such as miRNA expression data,

mRNA expression data, DNA methylation data, copy number variation and et

al.[4][5]. These multi-omics data can be obtained by some publicly available projects.

For example, The Cancer Genome Atlas (TCGA)[6] stories more than 30 cancers

over 11,000 patients’ data.

How to integrate multi-omics data and construct efficient models has become the

major challenges in cancer subtype recognition[7][8][9]. Researchers have proposed
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many methods. They can be categorized into three different types: early integration

methods, late integration methods and intermediate integration methods[10].

Early integration methods are the most simple approaches. They concatenate

different omics’s feature matrices to a single matrix, and use the single omics clus-

tering algorithm to subtype the matrix[10]. For example, K-means, LRAcluster[11]

and Spectral clustering are all belong to this category. The late integration clusters

each omics data individually and integrates the clustering schemes to obtain a single

clustering scheme[10]. The intermediate integration methods construct the model

to explain all omics. These methods include: (i) Methods that integrate sample

similarities. For example, similarity network fusion(SNF)[12] as a widely mentioned

algorithm, constructs the samples’s similarity network of each omics data and iter-

atively updates the network until they converge, finally uses spectral clustering to

partition them. NEighborhood based multi-omics clustering (NEMO)[13] is much

simpler than SNF, it has represented the similarity between all omic samples. (ii)

Methods that use joint dimension reduction. For example, a classical dimensional-

ity reduction algorithm Canonical correlation analysis (CCA), projecting the two

omics data into a low dimensions space and making the projected data has maximum

correlation. Multiple canonical correlation analysis (MCCA)[14] extended CCA to

more than two omics. The two methods combine different biological characteristics

to obtain a low dimensional space. (iii) Methods that use statistical modeling of

the data. For example, iCluster[15] is an effective method, which constructs the

Gaussian latent variable model.

As artificial intelligence development, deep learning has been widely used in health

care, such as imaging based computer aided diagnosis, digital pathology, drug de-

sign, prediction of hospital admission, classification of cancer and so on. Compared

with traditional methods, deep learning can automatically extract features from

the original data and learn more abstract and useful features. Recently, some deep

learning models have been applied in cancer subtype recognition[16][17]. AutoEn-

coder (AE) and Variational Autoencoders (VAE) as two variants of deep learning

model have demonstrated good performance for generating meaningful feature rep-

resentation of omics data[18]. Some studies have highlighted their utility in integrat-

ing different omics data for identifying prognostic cancer traits such as breast[19],

liver[20] and neuroblastoma cancer subtypes[21]. However, these methods are al-

most based on early integration, which combining different omics data into a signal

data and learning a common latent low dimensional representation[22]. They ignore

the distributions of different omics and increase the dimension of input data, which

may lead to do not understanding or over fitting of complex processes.

In order to solve these problem, few researchers have proposed deep learning

based middle integration methods[23][24][25]. These methods separately learned

each omics data through some sub network, and then integrated the output of

every sub network into a unified representation. For example, Tong et al. pro-

posed ConcatAE, a method concatenating features learned from each omics using

autoencoder[26]. Yang et al. proposed Subtype-GAN, an approach used multi-input

multi-output neural network to separately model multi-omics data[27]. Although

these methods have demonstrated good performance in cancer subtype recogni-

tion, they ignore the relationship between samples when learning valuable features

representation.
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More recently, attention mechanism has become a new technology in the field of

deep learning. The dominant thought is to measure the similarity between the Key

and the Query[28]. Attention mechanism has been applied in speech NLP, image

and other fields[29][30][31][32], since it can select most informative features of an

input, adaptively consider the importance of a single feature and allow the model

to make more accurate judgements. As a special, self-attention[33][34], which cal-

culating the response at a position in the sequence by attending to all positions

within the same sequence has achieved notable success in modeling complicated

relations[35]. For instance, it displays the superiority in machine translation[36], sen-

tence embedding[37] of modeling arbitrary word dependency, and has been success-

fully applied to capture node similarities in graph embedding[38]. Research shows

that the attention-based encoder is more fit for learning high-level features[39].

Motivated by these works, we proposed SADLN : a self-attention based deep

learning network of integrating multi-omics data for cancer subtype recognition.

Firstly, it used independent subnetwork to learn a compact representation of each

omics data and concatenated them to a concatenation representation. Then a self-

attention model was used to learn the similarities of samples on concatenation

representation, the final integrated feature representation obtained by summing

the similarity of samples and the concatenation representation. Finally, the learned

representation was used as the input of the Gaussian Mixture Model (GMM) for

cancer subtyping recognition. In addition, we added decoder to reconstruct the orig-

inal multi-omics data from the integrating representation. In order to fit the learned

representation distributions to the Gaussian distribution, we added discriminator

to the network.

The main contribution summarized as follows:

(1) We proposed novel deep learning method, SADLN, which combine encoder,

self-attention, decoder, and discriminator into a unified framework. It can simulta-

neously integrate multi omics representation and samples’ relations.

(2) We firstly introduced the self-attention into the deep learning based method

for cancer subtyping recognition task which allow the model to autonomously learn

the similarity of samples for better representation.

(3) We conducted experiments on ten cancer datasets of TCGA, SADLN achieved

outstanding performance compared with ten integration methods. It provided theo-

retical basis and new method for clinical diagnosis and precise treatment of cancer,

which has great theoretical significance and clinical application value.

Materials and methodology
Materials

SADLN was applied to ten cancer datasets which preprocessed by Yang et al[27]

from TCGA. The datasets include BRCA, LUAD, BLCA, PAAD, KIRC, STAD,

UVM, GBM, SKCM and UCEC. Each cancer dataset contains four types omics

data, i.e., copy number,DNA methylation, mRNA and miRNA. The dimensions of

the four types omics data are 3105, 3217, 383 and 3139, respectively.

Methodology

The overview architecture of SADLN is depicted in Figure1, it is consist of four key

modules: a self-attention based encoder, decoder, discriminator and GMM cluster-
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ing. In SADLN, the input is cancer example’s four omics data, the output is the

number of subtypes.

The self-attention based encoder

The self-attention based encoder, in our SADLN model transforms the multi-omics

data into a latent low-dimensional feature representation with distribution N(µ, σ2)

using multiple independent network layers, a self-attention model and two fully-

connected layers. For each sub-independent layer, let xm = {xm
1 , ..., xm

N} ∈ RN×Dm

denotes the input of the network for the m-th omics data, ym = {ym1 , ..., ymN } ∈
RN×dm denotes the output of the m-th omics through the sub-independent layer,

N is the number of data samples, Dm and dm are the feature dimension of the

input data and the output data respectively. We used Dense network to extract

each omics feature, that’s ym can be express as:

ym = wmxm + bm (1)

where wm is the weight matrix, bm is the bias.

In order to integrate different omics features, firstly, we concatenate four omics

features matrices into a feature representation matrix. The representation feature

matrix Y can be expressed as:

Y = Concat(y1, ...,y4) (2)

After concatenation, the output of the matrix is became N×4d. In order to avoid

over fitting, batch normalization layers were added and the Gaussian Error Linear

Unit(GELU) was used as the activation function. That is:

Y
′

= GELU(Y) (3)

Although the concatenation operation can integrate multi omics data, the re-

lationship between samples is not considered. In order to further integrating the

relationship between samples, we introduced self-attention to construct the similar-

ity between samples. We treated each sample’s multi-omics features as a word in a

sentence.

Let dk = 4d, K = [k1, k2, ..., kN ] ∈ RN×dk is a set of keys, Q = [q1, q2, ..., qN ] ∈
RN×dk is a set of queries, V = [v1, v2, ..., vN ] ∈ RN×dk is a set of values,

K = Q = V = Y′, K = Y′WK , Q = Y′WQ, V = Y′WV . WK ,WQ,WV are

the parameters of linear projection layers. z = {z1, z2, ..., zN} ∈ RN×dk denotes

the finally integrating representation, the jth feature vector zj is computed as the

following steps[40]. Firstly, we use the dot-product between qi and kj to compute

the similarity of the sample i and j. In order to ensure the result does not get

excessively large, we scale it by
√
dk. That is:

ri,j =
qi × kTj√

dk
(4)

Secondly, softmax function was used to obtain the similarity weight. That is:
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ωi = softmax{qi × kT1√
dk

,
qi × kT2√

dk
, ...,

qi × kTN√
dk

} (5)

Thirdly, the final integrated feature vector zi of sample i can be obtained by a

weighted sum of the values. That is:

zi = Attention(qi,K,V) =

N∑

j=1

ωivj (6)

Finally, the integrated feature representation can be express as:

z = Attention(Q,K,V) = [z1, z2, ...zN ] ∈ RN×dk (7)

In order to keep the data distribution unchanged, we added batch normalization

layers after self-attention model.

Suppose z obeys Gaussian distribution z ∼ N(µ, σ2), where µ is the mean and σ2

is the variance. In this paper, we obtained µ and σ2 through two fully-connected

layers.

Decoder

Decoder, in our SADLNmodel attempts to reconstruct the original multi-omics data

from the integrating representation z. As shown in the upper right halves of Figure1 ,

it contains fully connected layers and output layer. LetXI = {x1
I ,x

2
I ,x

3
I ,x

4
I}denotes

the input of encoder, XO = {x1
O,x

2
O,x

3
O,x

4
O} denotes the output of decoder. In

order to minimize the error between the inputXI and the outputXO[41], the square

euclidean distance was applied to calculate the loss L1[27], it can be expressed as:

L1 = ‖XI −XO‖22 =
1

4

4∑

k=1

‖ xk
I − xk

O ‖22 (8)

Discriminator

In order to force the posterior distribution S(z) of final integrated representation

matches the prior Gaussian distribution P (z), we added a discriminator D to the

model, which is a part of GAN network. A typical GAN network composed of a

generator G and a discriminator D. In this work, we regards the self-attention base

encoder part as the generator, the input of the discriminator D is the output of the

encoder part and the randomly sampled data with standard normal distribution.

The discriminator D is used to distinguish the samples from P (z) or the S(z)[27].

Through adversarial learning, S(z) is as close to P (z) as possible.

The objective function optimization of discriminator D adopts the method of

maximization and minimization. It can be express as:

min
S

max
D

Ez′∼P (z)[log2D(z′)] + Ez∼S(z)[log2(1−D(S(z)))] (9)
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Where E represents the expected value of the distribution function. We use bi-

nary crossentropy function to train the discriminator learning process. The cost of

the discriminator is:

L2 = −Ez′∼P (z)[logD(z′)]− Ez∼S(z)[log(1−D(S(z)))] (10)

Our model parameters of the whole network are jointly trained by minimizing the

following total loss:

L = λ1L1 + λ2L2 (11)

where L1 and L2 are defined in Eq.(8) and Eq.(10) respectively. λ1 and λ2 ∈ [0, 1]

are trade-off parameters.

The GMM Clustering

GMM is a probabilistic clustering method, which also belongs to the generative

model. It assumes that all the data points are generated from a mixture of a finite

number of Gaussian distributions[42]. GMM model has excellent clustering per-

formance. In this paper, we use GMM as the clustering module. Let K denotes

the number of clusters, π = (π1, π2, ..., πk) represent the weight of each cluster,

µ = (µ1, µ2, ..., µk) is the mean vector,
∑

= (
∑

1,
∑

2, ...,
∑

k) is the covariance

vector, Z = {zn}Nn=1 is the final integrated feature representation, p(zn) is the

probability distribution function as a mixture of K Gaussian distributions. That is:

p(zn) =

K∑

k=1

πkpk(zn) =

K∑

k=1

πkN(zn | µk,
∑

k
) (12)

GMM used the EM algorithm to update the parameters π, µ and
∑

. According to

the maximum probability density of sample in different clusters, the most suitable

subtype labels is obtained.

Experiments
Comparison algorithms and evaluation metrics

In order to verify the performance of SADLN, we compared it with ten methods.

Three deep learning based methods include AE, VAE and Subtype-GAN. Seven

non-deep learning based methods include K-means, LRAcluster, iCluster, Spectral,

NEMO, MCCA and SNF. The ten chosen methods can represent different types

approaches of multi-omics integrating. K-means, LRAcluster, Spectral clustering,

AE and VAE are belong to early integration methods. SNF is used as similarity

based algorithms. MCCA is used as dimension reduction algorithms.

We used the P values based on Cox log-rank model[43] to measure differential

survival between the obtained subtype. With the decrease of P value, the subtype’s

survival rate is more significant, the clustering effect is more obvious. Meanwhile, the

enrichment of clinical labels[44] were used to test the clustering results. Six clinical

labels including pathologic T, age at diagnosis, pathologic M, gender, pathologic

N and pathologic stage were used for testing. The ten cancers’ clinical parameters

were not all available, such as GBM and UCEC only had two clinical parameters.
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Table 1 The network structure of SADLN

Architectures SADLN

Self-Attention
Based Encoder

3105+3217+383+3139(Input)
25+25+25+25(concatenate)
100(Batch Normalization)

100(Activation)
100(Attention)

100(Batch Normalization)
100(Fully-Connected)

100(Fully-Connec
ted,Mean)

100(Fully-Connec
ted,VAR)

100(Output)

Decoder

100(Input)
100(Fully-Connected)

100(Batch Normalization)
100(Activation)

3105+3217+383+3139(Output)

Discriminator

100(Input)
1(Fully-Connected)

1(Sigmoid)
1(Output)

Network structure and hyperparameter setting

The SADLN network has 19 layers, including 10 layers encoder, 5 layers decoder, 4

layers discriminator. The specific network structure of SADLN is shown in Table1.

The SADLN is built based on python 3.6.12, Keras 2.2.4, TensorFlow 1.14.0 (the

CPU version). The operating system is Windows 10. In terms of hardware, the CPU

is Intel(R) Core (TM) i7-105 10U.

Optimizing hyperparameters are the key to training neural network models.

Choosing appropriate hyperparameters can significantly improve the performance of

the model. In this paper, the hyperparameters of the SADLN model mainly include

the feature dimension of the independent network (d), the initial epoch, batch size,

random seed, optimizer, activation function, learning rate and loss. Table2 shows

the hyperparameter settings of the SADLN model.

Table 2 Hyperparameter settings of SADLN model

Hyperparameter Setting
d 25

Epoch 600
Batch size 64

Random seed 2
Optimizer Adam Optimizer

Activation function Gaussian Error Linear Unit

Learning rate (lr)
[1e-4,2e-4,3e-4,4e-4,5e-4,
1e-5,2e-5,3e-5,4e-5,5e-5]

Loss λ1 0.0001

Loss λ2 0.2499

Experiments Results
Comparison experiments on TCGA datasets

In order to reduce the influence of different clustering numbers on the results of

subtyping. The clustering number of BRCA, LUAD, BLCA, PAAD, KIRC, STAD,

UVM, GBM, SKCM and UCEC were 5, 3, 5, 2, 3, 3, 4, 3, 4, 4, respectively.

Table3 gives the -log10P -values of survival analysis for eleven methods of ten

cancers datasets on TCGA. The clustering results of other ten compared methods

comes from Yang’s literature[27]. Bold indicates that this method performs best on

the corresponding cancer dataset.
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As shown in Table3, SADLN achieved the most significant results on PAAD,

STAD, UCEC and UVM cancer datasets. Compared with Subtype-GAN, SADLN

obtained better value on eight cancer datasets(BLCA, GBM, KIRC, PAAD, SKCM,

STAD, UCEC and UVM). Compared with VAE and AE, SADLN obtained the

best -log10P value in ten cancer datasets. Compared with non-deep learning based

methods, although same methods had best results in specific cancer datasets, but

the -log10P value were highest on most cancer datasets.

Table4 give the clinical parameters enrichment analysis result of SADLN and

other compared methods of ten cancer datasets. From Table4, we can see that

SADLN obtained the best results on four datasets (KIRC, LUAD, STAD, UCEC).

Therefore, we believe that SADLN is competitive with other methods in cancer

subtype recognition.

Table 3 The -log10P values of survival analysis based on Cox log-rank model of ten cancers
datasets on TCGA (bold indicates that this method performs best on the corresponding cancer
dataset)

Cancer SADLN
Subtype
-GAN

AE VAE K-means Spectral LRAcluster SNF NEMO MCCA iCluster

BLCA 3.8 3.0 0.68 3.6 1.7 3.3 0.6 2.7 4.2 2.5 2.4
BRCA 2.7 3.1 0.7 1.2 0.8 0.7 0.9 2.2 2.3 4.3 1.9
GBM 2.7 0.9 2.1 2.1 3.7 4.5 1.8 3.5 3.9 3.3 3.4
KIRC 9.9 7.7 3.7 8.0 6.1 6.9 8.3 9.8 7.1 11.5 5.7
LUAD 2.7 3.7 1.2 1.9 1.1 1.1 0.6 2.7 2.7 1.2 1.6
PAAD 3.7 2.2 0.1 2.3 2.4 2.4 2.1 3.2 1.8 2.7 1.0
SKCM 6.6 1.4 0.2 3.8 3.9 3.4 3.3 7.3 7.0 2.5 2.7
STAD 2 0.9 0.2 0.2 0.2 0.6 0.4 1.2 1.5 1.8 0.7
UCEC 9.7 9.3 1.1 7.9 8.6 1.6 6.0 6.5 7.4 6.8 2.3
UVM 5.7 4.3 4.1 4.2 2.7 3.0 3.7 4.0 3.3 3.9 2.0

Friedman analysis was also used to evaluate the performance (Figure2). From

Figure2, we can see that the performance of SADLN is obviously better than the

three methods K-means, LRAcluster and VAE (P < 0.05), but not better than other

methods. We found that the performance of the methods is not exactly consistent

under the two evaluation strategies.

Table 4 The clinical parameters enrichment analysis of SADLN and other methods of ten cancer
datasets on TCGA(bold indicates that this method performs best on the corresponding cancer
dataset)

Methods BRCA LUAD BLCA PAAD KIRC STAD UVM GBM SKCM UCEC
SADLN 5 5 5 1 6 3 1 1 3 1

Subtype-GAN 6 5 5 2 6 2 2 1 4 1
AE 0 1 0 1 5 1 0 1 0 0
VAE 5 2 6 1 6 2 1 0 1 1

K-means 5 1 3 0 6 2 0 1 1 1
Spectral 3 1 4 0 6 2 0 1 2 1

LRAcluster 5 1 3 1 6 1 0 0 0 1
SNF 5 3 6 2 4 1 0 0 4 1

NEMO 5 4 6 2 5 1 1 1 3 1
MCCA 5 4 3 4 3 2 1 1 0 1
iCluster 4 1 1 0 4 2 0 1 1 1

Survival curves can also be used to express heterogeneity of different subtypes. Fig-

ure3 shows the ten cancers’ Kaplan Meier survival alanalysis curves. From Figure3,

we can see that different clusters have significantly differences in survival curves(P -

value<0.05). Take BRCA cancer for example(Figure3a), C1 has the longest average

survival time. C2 and C5 have the poor survival time, C3 and C4 are at the in-

termediate level, this is consistent with the classification standards established by

the St Gallen International Breast Conference in 2013, C1 represents basal-like,

C2 represents normal-like, C3 represents luminal-B, C4 represents luminal-A, C5

represents HER2-enriched.
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Visualization of clustering results

In order to visualize the clustering results, we used t-SNE embedding method to

display the final integrated feature representation of the SADLN (Figure4). From

Figure4 we can see that samples of the same cluster are almost grouped together,

samples of different clusters are almost departed. Different subtypes have apparent

boundaries.

Comparison of multiple omics data and single omics data on subtyping results

SADLN integrated mRNA, miRNA, copy number and DNA methylation four

omics data. In order to demonstrate the necessity of integrating multiple omics

data for subtyping, we compared multiple omics data and single omics data of

SADLN(denoted as SADLN-single) on subtyping results.

Firstly, random forest(RF) method[27] was used to analyze the contribution of

different omics data on the subtyping results of SADLN. Figure5 gives the four

omics data’s contribution results of SADLN on ten cancer datasets. From Figure5

we can see that the greatest contribution of BRCA, BLCA, LUAD, SKCM, STAD

and UVM datasets were mRNA data, the greatest contribution of GBM, KIRC

and UCEC were CNV data and the greatest contribution of PAAD were DNA

methylation data. For different cancers, we choose the greatest contribution omics

data as the input of SADLN-single. The settings of parameters remain the same

as SADLN. We also use the metric of P -value of survival analysis in Cox log-rank

model to compare the performance of SADLN and SADLN-single(Table5).

From Table5, we can see that the P values of SADLN are all smaller than the

values of SADLN-single on ten cancer datasets. These results demonstrated that

integration of multiple omics data can help improve the performance of subtyping.

Table 5 The P values of survival analysis in Cox log-rank model of SADLN based multiple omics
data and single omics data

Cancer SADLN SADLN-single
BRCA 2.00e-03 7.00e-02
BLCA 1.46e-04 2.23e-04
LUAD 2.00e-03 3.00e-02
SKCM 2.80e-07 2.30e-02
STAD 9.00e-03 5.63e-01
UVM 1.82e-06 6.74e-01
GBM 2.00e-03 6.97e-01
KIRC 1.37e-10 2.00e-03
UCEC 1.99e-10 5.70e-02
PAAD 2.16e-04 3.64e-01

Identify the key biomarkers in each cancer

In order to identify the key biomarkers that determine the subtyping results in

each cancer, we ranked the importance of mRNA features of each cancer datasets

using the clustering labels of SADLN and random forest method to achieve the five

most essential biomarkers. For each cancer, Table6 gives the five biomarkers most

relevant to the classification.

For BRCA as example, the five key biomarkers are: ALDH8A1, SRPK3, FUT6,

BEX2 and KIRREL2. By literature review, we found that the BEX2 gene[45] af-

fects the prognosis of ER- breast cancer patients. SRPK3 gene[46] and ALDH8A1

gene[47] have been found to influence the prognosis of triple-negative breast cancer
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Table 6 The five biomarkers most relevant to ten cancers

Cancers Biomarkers
BRCA ALDH8A1, SRPK3, FUT6, BEX2, KIRREL2
BLCA GDA, IGSF21, F2RL2, KCNJ12, IL12RB2
GBM CCL22, IP6K3, CPZ, FCGR2B, CTCFL
KIRC TNFRSF10D, IL12RB2, PCDHGA5, DMKN, PTPRZ1
LUAD PON1, SIX1, S100A1, APOD, DOC2A
PAAD RIMS1, HAL, PAX8, THEM5, EDN2
SKCM BMPR18, ARC, ROBO2, HOXA4, CD38
STAD LOC100302650, MUC6, KCNJ16, MFSD6L, TNFSF11
UCEC SLC13A5, KCNH2, KCNJ12, SELE, RXRG
UVM TNFRSF11B, CPZ, PCP4, S100A1, CLDN4

patients. Some genes have not been found in BRCA, but have shown that they act

on the pathogenesis and development of other cancers. For example, FUT6 gene[48]

has been found to be occupied an important position in the metastasis of colorectal

cancer. In addition, study has shown that the expression of KIRREL2 gene[49] may

cause congenital nephrotic syndrome. All of these literature review demonstrated

the results of SADLN on BRCA dataset are reliable.

Discussion
Recently, integrating multi-omics data for cancer subtyping is an important task in

bioinformatics. In this paper, we proposed SADLN, a novel deep learning based in-

tegrated method for cancer subtyping. The method firstly introduced self-attention

into the encoder-decoder based network architecture. It attempted to describe com-

plex and diverse multi-omics data accurately and adaptively build the samples’ re-

lationship when learning a shared low-dimensional representation during molecular

subtyping. Compared with three deep learning and seven non-deep learning based

integration algorithms, SADLN has two characteristics:(1) Unlike the early meth-

ods such as AE and VAE, SADLN characterizes multi-omics data respectively which

enable the model to effectively describe different omics data with distinct distribu-

tions, meanwhile, the output integrating representation fits the prior distribution.

(2) The self-attention module in SADLN taking full use of sample’s multi-omics

information, can automatically learn the weight matrix between samples and make

the results of feature integrating more convincing.

We demonstrated the power of SADLN using ten datasets of TCGA. The exper-

iments of survival analysis and Friedman analysis show that SADLN has a good

clustering consequence. Meanwhile, the experiments of SADLN and SADLN-single

show that integrating multiple omics data is necessity and useful. The BRCA results

indicated that SADLN can efficiently distinguish cancer subtypes.

SADLN found 50 biomarkers for each cancer. Some biomarkers have been verified

in previous studies. In clinical research, researchers can conduct more subtype anal-

ysis studies on related cancers based on the biomarkers obtained by SADLN. For

example, SADLN believes that MUC6 is an important biomarker of stomach ade-

nocarcinoma. The study[50] has shown that MUC6 is a new prognostic biomarker

of stomach adenocarcinoma clinical outcome and immune infiltration, and may be

a promising therapeutic target.

Although SADLN has enhanced the performance of cancer subtyping recognition,

it also has limitations. Firstly, it is unsuited to integrate binary data. Secondly, it

couldn’t find the genes modules which affect each subtype. Thirdly, the relationship
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between omics data was not considered. For next research, we will continue our ef-

forts to develop an attention based method to simultaneously learn the relationship

between multi-omic and samples to explore cancer heterogeneity.

Conclusion
In this paper, we proposed Self-Attention Based Deep Learning Network(SADLN)

of integrating multi-omics data for cancer subtype recognition. The novel method

based on recent advances on deep learning and self-attention. It can jointly learning

different multi-omic data representations and relations between samples. Experi-

ments on ten datasets of TCGA have demonstrated the effectiveness of SADLN to

the state-of-the-art methods.

Declarations

Ethics approval and consent to participate

Not applicable.

Consent for publication

Not applicable.

Availability of data and materials

The input omics data and python code of SADLN were available through https://github.com/gpxzmu/SADLN

Competing interests

The authors declare that they have no competing interests.

Funding

This work was supported in part by the Natural Science Foundation of China (No.82001987), and in part by the

Postgraduate Research & Practice Innovation Program of Jiangsu Province (No.KYCX21-2646), and in part by the

Xuzhou Key Research and Development Program Project (No.KC20148).

Consent for publication

Not applicable.

Authors’ contributions

PG participated in study design,conceived the study and organized documents. QWS carried out data analysis and

organized documents. LC and ZYZ carried out data analysis. SGG, JC and LZZ participated in study analysis. All

authors read and approved the final manuscript.

Acknowledgements

Thanks to Yang et al. for the preprocessed multi-omics data of TCGA.

Author details
1School of Medical Imaging, Xuzhou Medical University, Xuzhou, CN. 2School of Information and Control

Engineering, China University of Mining and Technology, Xuzhou, CN. 3Department of Radiation Oncology,

Affiliated Hospital of Xuzhou Medical University, Xuzhou, CN.

References

1. Siegel, R., Miller, K., Jemal, A.: Cancer statistics, 2020. CA: A Cancer Journal for Clinicians 70, 7–30 (2020)

2. Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R., Torre, L.A., Jemal, A.: Global cancer statistics 2018:

Globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer Journal

for Clinicians 68, 394–424 (2018)

3. Zhao, W.-h., Luo, J., Jiao, S.: Comprehensive characterization of cancer subtype associated long non-coding

rnas and their clinical implications. Scientific Reports 4, 6591 (2014)

4. Huang, D.-s., Premaratne, P., Goebel, R., Tanaka, Y.: Intelligent Computing Methodologies. Science and

Business Media LLC 2020, ??? (2020)

5. Song, M., Greenbaum, J., Luttrell, J., Zhou, W., Wu, C., Shen, H., Gong, P., Zhang, C., Deng, H.-W.: A

review of integrative imputation for multi-omics datasets. Frontiers in Genetics 11 (2020)
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Figure Legends

Figure 1 The overview architecture of SADLN

Figure 2 The P -values of Friedman test on ten cancer datasets

Figure 3 The Kaplan–Meier survival curves of ten cancer datasets.(a)BRCA,(b)BLCA, (c)GBM,
(d)KIRC, (e)LUAD, (f)PAAD, (g)SKCM, (h)STAD, (i)UCEC, (j)UVM

Figure 4 t-SNE visualization of the final integrated features by SADLN on ten cancer
datasets.(a)BRCA,(b)BLCA, (c)GBM, (d)KIRC, (e)LUAD, (f)PAAD, (g)SKCM, (h)STAD,
(i)UCEC, (j)UVM

Figure 5 Contribution of mRNA, miRNA, CNV and DNA methylation to the subtyping results of
SADLN on ten cancer datasets
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