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Abstract:

With the development of mass spectrometry technologies and bioinformatics analysis algorithms, disease

research-driven human proteome project (HPP) is advancing rapidly. Protein biomarkers play critical roles in clinical
applications and the biomarker discovery strategies and methods have become one of research hotspots. Feature selection and
machine learning methods have good effects on solving the "dimensionality" and "sparsity” problems of proteomics data,
which have been widely used in the discovery of protein biomarkers. Here, we systematically review the strategy of protein
biomarker discovery and the frequently-used machine learning methods. Also, the review illustrates the prospects and
limitations of deep learning in thisfield. It is aimed at providing a valuable reference for corresponding researchers.
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Fig. 1 Number of related literatures contains both “proteomics” and “biomarker” on PubMed database.
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Fig. 2 Classical strategy for protein biomarker discovery (adapted from references [11, 13]).
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Fig. 3 Unsupervised learning methods in the identification of protein biomarkers. (A) Dimensional relationship in
principal component analysis. (B) Schematic diagram of principal component analysis output, proportion of variance of
PC1 is 54.8% and of PC2 is 25.2%. (C) The heatmap of hierarchical clustering shows that the tree diagram on the
horizontal axis can successfully separate the treatment group from the control group and the tree diagram on the vertical
axis divides the protein into multiple categories according to the abundance change. Color in the heatmap indicates the
intensity of the quantified proteins.
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Software Client Platform Link
ClustVis? Web = https://biit.cs.ut.ee/clustvis/
Wessa.net Web - https://www.wessa.net/
BioVinci Local Windows/MacOS/Linux https://vinci.bioturing.com/
IBM SPSS statistics Local Windows/MacOS/Linux https://www.ibm.com/anal yti cs/spss-stati stics-software
PL S toolbox Local Windows/MacOS/Linux (MATLAB) http://www.eigenvector.com/software/pls_toolbox.htm
WEKA[?®) Loca Windows/MacOS/Linux https://www.cs.waikato.ac.nz/ml/wekal
XLSTAT Local Windows (Excel) https://www.xlstat.com/en/
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Fig. 4 Supervised learning methods in the identification
of protein biomarkers. (A) ROC curve and AUC. (B)
Schematic diagram of the decision tree algorithm. All
samples are divided into different categories via internal
nodes
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Besidl (RP=0.878, Q*=0.662), ML I i i1 i b
SRS AR WU R R B DR 4 B PP A (RP=0.875,
Q%=0.355); i J5{#iH] OPLS-DA J5¥:xf A Lffiik
() 12 Fhmdfoet: . REUER > FENRSE (46 41
JB5 e B 40 X HREH) b7 irAl, 95% &[5 X
[i7]_E- 435 35 31 91.3%I1) R Hik S 92.5% 0 i -k
AUC f 0.937. % J7 L0945 15 AR 3 S8 X6 iR
P S ORI 2 i 2 Ak T R 58
P R 28 1) L 5 B 1 T 4 2 A0 O34 T A

PLS-DA J5iEAR B A HAAT A B FR-IE L PR RE
71, B A AR B 0k I AR i e 2 Y
PR R IR, 0 Christin 281 TR H
PLSDA 5 Rank-Product® )y, 5k
W% R R T LA, Wang Z510R ] SVM-RFE
KBl 75 Wk PLS-RFE FH LA 51 5 v 25 &
SN e ; Lé Cao S5PH@ i 7E 51 5 I ALk

&: 010-64807509

AL R 5 A O fe /N — 3 A B A R (Sparse PLS
discriminant analysis, sPLS-DA) #E17T4HIF 4%

34 HEEZ Iy AFJ/EMLER

EHBHY R ER ., EHREM
AW KA, 5T 8 15 4 B AT AR )
i i 9 2 B0 1 R T8 B2 DA B TR o B i e
PRy V5 A A S5 0F AR U L EE 2 . 1 SOk
Bpr2A0S0 S8l i p 2 0y, AR ST BRI AR 2 .
KAETT . (RPEREEA) BN BRI EE . B
Y ] B rT AL 7 AT 3 Rl a2k
etk i (3 2).

Bl ML ARARTE 23 28 W A R B e 2R A 25 2 A
FHEATCA A ILH, T SYM F1 OPLS-DA 7&
AR S T I OL TS, B s o B I A AT 7 245
G % SRR SR S N R 2 e A3
TR WP A B ] R AT A L
TR — AT BRI —)
KL RENS A5 B LAY 12 ALk REDOY,

35 MEFIJEAMMIA

FAER 3 oIl TEH RF, SVM J
PLS-DA —ZRUEE 2 B ny s o3 A T H &M
KJEbE .

R2 =HMEBFISAFIHMEER
Table 2 Comparison of three supervised learning
classifiers®

Characteristics RF SVM OPLS-DA
Avoid overfitting +++  +++ 4k
Classification ability +++ [+, +++]° +++
Dimensionality reduction  + +++ +++
Interpretable S +
Missing value tolerance  +++ + +
Robustness et ++
Visualization + +++ +++

a +++ means the best performance, + means the worst
performance; b: the classification ability of SVM is affected
by the kernel function used. There are multiple kernel
functions, such as linear, nonlinear, polynomial, radial basis
function (RBF), and sigmoid.
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Table3 Software of PLS-DA, SVM and Random Forest

Function  Software Client Platform

Link

PLS-DA SIMCA-P Local Windows

https://umetrics.com/products/simca

PLS-DA PLSToolbox Local Windows/MacOS/Linux (MATLAB) http://www.eigenvector.com/software/pls_toolbox.htm

SVYM  LIBSVMM@  Local Windows/MacOS/Linux https://www.csi e.ntu.edu.tw/~cjlin/libsvm/

SVM SVM light Local Windows/MacOS/Linux http://svmlight.joachims.org/

SVM SVMTorch!®™ Local Windows/MacOS/Linux http://bengio.abracadoudou.com/SV M Torch.html

RF XLSTAT Local Windows (Excel) https://www.xIstat.com/en/

All WEKALZE! Local Windows/MacOS/Linux https://www.cs.waikato.ac.nz/ml/weka/

4 BE2Y FRARMIIP I 422K 2R AP AOR , Putin %R s
FEADNREY T, SR 62 419 41fiE A

TR >] (Deep learning) J& i/t 4F 3k fifi 5 i

PF R I BE A DGR 1) —Fe WL de a2 ik, B
MR A 2 R AR (8 5). R —
JZ, el fa] SRR AR LM AR HRORE 5 G Xt
o mR R HAIR R, XFZREH
WR-F T ARSI B 5 P G2 A B RFIE 2R 1 R 17
R JE— PR A R ST AU, R T A TR S
IR S RESEAN T BB i, KON IR R
AU R A T B2 AL

TETRIE 52 > T3 156 T By M 12 0 1 g 6 2B W
EWITE, H TR W BARSCSCEkE , B B A
i iy 1 OV 452 VR B 2 > RS TR A I MR )y 1 14 2
ARIE, W] LU R R A YRR S 4 A BRI
S R SCEREE R R I E A D ECTAETER A=)

Output

Hidden

Input

; ;

5 REFIRETEE
Fig. 5 Schematic diagram of the deep learning model.
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IV A A 3 il s (P X I AR IS L il K%
46 bR EAL I AR IE) 1R B AE , IR
4 56 177 41 5 4E 6 242 21 He 9 230 T, 4R |
PEBI > BIVE NARES, 46 Z&bnicic A i A,
Y HIETRIZ MM | DRI . BEPLARAR . etk
ME ., K 88028 e e | L2 R it
FEor JEMEREVEAL , FE PIARZE ) T o I8 22 A 2 1)
25 Y BUAS BRI 19 0 B8R

AR R B 2 2] SR AE B2 4 TN 7S H0H 1 3R
Bl AR FRFAE SR O TR — e g, (Hd
FEAE— SRR YE . B4 3E 4 A, 1) BAG”
), 22 5 R 2 > A TR 3 v )23 2 2 R 4
JERRIE DASE B4 e ul T T, X S gl S RRAE
T B TR A ST R AR R . 2) YN ZRBE A
ANIEBE G R A o TREE 25 IR AR 7R R
BRSO A S RBLE K . Bl RN,
BRSNS 0 AU, A AE VIR B IR A
I BT S B S R 2. R HATE
ZeAR L2 295090 K dropout 45 1E WAk J7 i R 4 4ot
WA, BRI R B5H a0 TH 2 i A st [ A8 ) AR
Rk, 3) W BRI RERE . Tl bkt
(TR BE 2 SR 22, T 50808 28 78 R g5
SFEIR, X FREE AR S BRI T 25
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AMEEFALGENLAS 2 ) LI A HW . 4) TH3K
Ao B NGRTRE 7 A BT I it i) 353 Bt IO
ARE AR AR, (BN B o & %5 e
FAGTHAR, R 2L B AR B C (GPU)
HATFHATINE

5 REERE

HAT, JEF 8 A 5 s 21T 8 A A
BY RO SRS TR RN . A SCA T
T OB EYRRE Y R IR, 5 R AR
B RS2 5 W B BGE TSR, JFHe T
R B2 2 2] TE AR SRR I o FH G B B R BRPE . ELpA
WA EZE LR 5 e 1) & A Prbr by i
AT FORRE R 5 A KA AR TG [, (558
A AR TR 3 % [ U 3 A 52 B AR BEAE OGME L 43280
FLAERE BRI, NS T AR R R LR
s Ak, O —SEHLERS > ik el DU ik
o), 2) JCWEE 2 ) O tEbR R R B T
B S A . B E AT AR
B RAREY S B R W ik
BEAE R o A FH AVEASL 35 1 B A s S 0 45 1
SRR, — SN BRI B D B Ay 1
SRR IR TR R A REEA T S8 B 1 AR b
BRI, 3) WA ) 4SS A M P R R B 2
K53 R INGREE | B UESE Joli4E , ol FH 22 U |
FESERE . MEREE L AUC TEHIARAUR . 4) KA
5 R il F A AN TR], B BT LR B 5 R
B B S R R . B 2R S
2 ) FRIEATHE B 2T R — PRI AT ST R
FHAR T B — 20 205 LA AR RE S AR AT AR Mz ALt
. B) TREE2EJME RGN —TTHAR, fEbr
W BRI R A I N . AT RAE
TG R PR K IR A A ) S A T
EFEE A CH AR B, VRS I A WIhR R
i 3 5 TRATS A 45 AR B 14 1o P i 53¢
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AR IR A A AR S TR R T AR, o
S8 G T ARAS — PR B 2R AR AR sk
Y, (BEiEA R R ZA-BA RS Ta A
TE JHT B3 55 b RE A 2R T I o s 16500
HHETC A Child-Pugh score® | Framingham Risk
Scord® | OVA1L test!® % LAl 4l & 7 iy 1
I IKIZ W, ¥ Z bRy e 8 RASTE LA
PR PERIFE PR OB I S Beabh, %
Z U AR 255 53T - HR A A 3 i R Y
s, Cohen 21704 ctDNA 5 8 Fift &8 61114 1 3% A
Yitr &AL F oA B i RO R A I (G 5k
FRA CancerSEEK), 7EA:briid) &I Gk |
TR 5 Sinha 25 1 6 i 570 6 2 1%
mRNA | H Ak | 20 2 8 A S48 DL ES S 550
ZWRZ LG M, N A 00 Jo kA B R,
2 41 2 R R 0 A s A ) R 4G AR B — R T
A= P 2 ) S R ME A o X BB R X DA S A A
T E RN PR TR m R, — T Y
SR SRR RIS, BHilE
oA F B M, DAARAS 471 40 880U
T — 5, TERR &Y K B AT B R o B ) A
WIHAEH K, H s8R O (8 1) — A1k Bodis
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