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Application of neural network autoencoder algorithm in the
cancer informatics research
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Abstract: Cancers have been widely recognized as highly heterogeneous diseases, and early diagnosis and prognosis of
cancer types have become the focus of cancer research. In the era of big data, efficient mining of massive biomedical data has
become a grand challenge for bioinformatics research. As a typical neural network model, the autoencoder is able to efficiently
learn the features of input data by unsupervised training method and further help integrate and mine the biological data. In this
article, the primary structure and workflow of the autoencoder model are introduced, followed by summarizing the advances of
the autoencoder model in cancer informatics using various types of biomedical data. Finally, the challenges and perspectives
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of the autoencoder model are discussed.
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Fig. 1 The structure of autoencoder.
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(4) VIZRBamy, 3 P87 M 28 SH0ok kB Wi autoencoder) AYHBL, JE7E TR [RHEA
PERE; (5) BREMUERAEZS 1] Z, MEATRELmgT, I AUIEN R Rk R A A P S ARE
Sy B EAEAHT . MBS R E AT HLERT, LT, Vincent ZEUOHR H T I
& MR N BB F gifS e AR AR ) L £ A 4if%ds (Denoising autoencoder, DAE); 53—

Select autoencoder model
4 ™
Stack Variational
autoencoder autoencoder —_—
Deep learning Learn distribution N
Data TTT1 Seleet Enhance robustmess CNN O\‘ b
preprocessing I model Training Q “i'-:""
— ‘ Regularized Convolutional , ‘
: : : : autoencoder autoencoder O A
/ O
/
+Add corrupted data
*Sparse representations
+Contraction penalty
STEP1 STEP2 STEP3 STEP4 STEPS

2 BHREHFIHERTARE

Fig. 2 Overview of the workflow of autoencoder.
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PEIURAE A 5 A S . L CAE 7215 Lo
EUR RS 73t . GRS 5 TR AR AT ) 2R BE

ot 25 D) 2 A TR 1ty S B B 0T FE R SR RN R e
NERB m, Fiaige, HAF2mHRE e &
TER T R TF I TR B 27 2] 2w A 5 N Dl
o s 1 fis, RIETFss 2% R AR,
A LAE AR BRI 2 S e, 0. RRAS P b 3
EUGAE 551 Caffe B, BA =R i Ltk ag
) CNTK JE, SRy . (0 Keras £,
RGP R MXNet 2, i . SCHEh
BYRFRI) Pytorch &, U 3T S FIT RIES
Y ERR 2 1Y TensorFlow JE4%

2 BRABEREIESR R E RN

1% 58 AIBILAS °7 ~J 3010 00 g ARk A A 1R AR
. RIS 95 2 B m LA 7 > Sk Y
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o, T AR AR USRSk Y BT 5T A5 3
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Table 1 Overview of the present deep learning libraries

IR EE A N BIETE A 2145 i 1 20 B 25 2 i 107
TR ARG IR S R
MR PR U R & o

21 BRUEEAEMEFEERARTINE

FEDA | s 2H RN AR 11 5T 40 4 A 2R AR T
FHOR A e A 2 A TR, 2 2 e DL B i A
Bl 2 R A AE RS> T P41 (1 DNAL RNA,
IR 5E) . AL 3E I E a7 i . 36
] % N 2 ik DR A otk 5 e R o i e PR 4L B B 7
AR R R B A 2 X BT AN A R AR 64T T
WP 538, A% T B REAR ZFAS[R ) 20 FHFAE
fi4E mRNA. DNA AL #0150 % (Copy
number variation, CNV). &4l it 28 28 Fl 8 [ 7
GIAE ok SR A A T R E TR L AR
FEFRUG TN | 5 B A BT L 2 IR S W T 4 S
B R R, o F gnhs s R i R R T E
EHL
211 BRHEHEE

TEVZ MR, Fakoor 25 E S AiE 2 3] 45 B
TR AR B B da g AT 1ok B[R] 2 B AE 1)
SRR, AEAEE ARG BIRE T HITA
OGRS 324t T 5% . Way &0l A4 B
G i o AR AE B ZH [#13%  (The cancer genome
atlas, TCGA) # sk Mp sl , A gt
TEARFE A W 20 58 00 1 [R) B 2L AT 2% 20 V8 76 FRAIE

Name Release Interface language Organization

Strengths Source

Fast, good at image task
Fast, efficient distributed https://github.com/microsoft/ CNTK

https://github.com/BVLC/caffe

performance

Easy, friendly, highly

https://github.com/keras-team/keras

modular

Caffe 2013 C++/Python/Matlab BVLC
CNTK 2014 C++ Microsoft
Keras 2015 Python/R Google
MXNet 2015 C++/Python/R/... DMLC
PyTorch 2017  Python Facebook

Flexible, expandable
Flexible, dynamic

https://github.com/apache/incubator-mxnet
https://github.com/pytorch/pytorch

programming, friendly

TensorFlow 2015 C++/Python/Go/... Google

Most extensive support

https://github.com/tensorflow/tensorflow

for platforms and
languages

BVLC: the berkeley vision and learning center; DMLC: distributed machine learning community.
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23 (Al K% /7. Chen 25198 F TCGA SLE ik
B, T A EEBRAE A gL Ay, g —A
Z )7 A gt an i 5 5e 0w RIS S,
] J2 A B T SR AR R . Palazzo 2514
TR AR MR AR, L X A E
B EFRAS, 1L E giDas B B F R MR 20
MR, X SR E gt X KRR 72 8 i ed %
P 18 98 A8 T A TR 4 25 1] 2% ) 1 ik 23k

AE 5 UL — 28 0 R R PR — T A S Y
T A A0 A7 SR REAE S RS E) . Wang 26200 i
VAE i 42 2] i e AS [5]7.7 DNA H AL il iR
2. Tan SRR 7L B 5 I 6 ik B a2 i A 2
e R Z MR SR TG B LARZRHE, X Sy
fIE 1 DAE BIRUA &, Ff4E Tl b b HoA B
2 3% . Danaee 2622l AL S I 1 A 2

Fk2 ZWMBRMBERNERE
Table 2  Application of various autoencoders

PEIBOMH 5 L PR 1 748 5k BRI A X9 A A WA =5
Yy, BT LIRS 2 A RE

PAZRMEZH 25T (Single cell RNA sequencing,
SCRNA-seq) 14 & Ji& i 15 JCHASE 4R B B 4t i 7% 5
S ERAE B AT AR, Wang 258 PAR IR B A S
P AR HER B scRNA-seq B HE4 Tt 5 5500 A%
1F; Liang 250 AE o T 40 ) 39080 fg 2=
Bi, PR T 06 A A B v A A, X
X S 7 5Tl 240 L IR RO 2 e S B A Bl
WA B FE ZE ML A0 M AR B4 RNA 5 55080 AL
Pdes B RNA D 8s b 1Ak A 1 # s
H g i 25 F1AE 3 A g fid s HEA 7 3L A B i ol 47
PERO S 4L, —A~ %l “Dhaka” 7 5 H 4 AR
S B miS ik, # CNV A scRNA-seq $i e 4
FF Btz 48 Ry A IR IX G I ST ) AR A 25 1]

Model Input data Object References
Stack autoencoder Multi-omics Clear cell renal cell carcinoma [28]
Pan-cancer [29-30]
Single-omic Breast cancer [22]
Pan-cancer [17]
Images Breast cancer [31]
Lung cancer [32]
EEG Epileptic [33-34]
Denoising autoencoder Multi-omics Clear cell renal cell carcinoma [28]
Breast cancer [35-36]
Single-omic Pan-cancer [17]
Breast cancer [21-22]
Images Lung cancer [32]
EHRs - [37]
Sparse autoencoder Single-omic Pan-cancer [26,38]
Images Breast cancer [31]
Basal cell carcinoma [39]
Lung cancer [40]
Variational autoencoder Single-omic Pan-cancer [18,20,26,41]
Multi-omics Pan-cancer [27]
Images - [42]
Convolutional autoencoder Single-omic Pan-cancer [43]
Images Lung cancer [40,44-45]
ECG Heart [46]
Contractive autoencoder ECG Heart [47]
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(microRNA, miRNA) ik . B AL Al R 15 B
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FeU e B g as M 5 A B &I 40 e (Clear
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W HL & BT B ccRCC WA ; Zhang 40 i
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FH AL 5000 rh P IR PR R M, R G R
PEATBREMLIEE , AR5 R B B S 25 1 FH 3
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“WEp R, WAEIESRES RNA (Non-coding RNA,
NncRNAs). miRNA 2 —F/NMAdEgS RNA,
S SR SR LB P T B N ik, Pyman Z5PU i AR
X H B2 )21 (Multi-layer perceptron,
MLP) #&7& A2 A miRNA Fk | s 78 B A7
GIERAG BRI T —AMEAE /325 #% (Deep cancer
classifier, DCC), RERETE 30 ZFl AARZL 21 rp i
T A AR . A UEE R, K AR gm Y
RNA (Long noncoding RNA, IncRNA) 7E4£%FE:
Yyt ALk A EE AR, Bk Xuan %0
P T — TR MU AR B 4 1
PR W 28 ALY, AR Ta] =27~ IncRNA-%
LIPS S|
22 BHRESREEYVEFZEGPHNA
AR 2E USSR I — DG BR A A o ik, 2
T ATE 6 (Artificial intelligence, Al) H3EHL
4iBhizWr (Computer aided diagnosis, CAD) 7E%!
A =7 0TI 1 1 P B ke B 52 B E A U T
P R R IR ORI TT M AE I R R, it
HLWT)Z 494 (Computed tomography, CT). f%it
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AR GEIG AT, B A B g A s T R
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