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Peptide retention prediction algorithm and its application in proteomics
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Abstract Most of the proteomics analysis methods based on tandem mass spectrometry rely on the matching
scoring of actual spectrum and theoretical spectrum, the interference of a large number of co-eluting peptides
could cause error in the identification and quantification of peptides and proteins. Peptide retention time predic-
tion, as a auxiliary and verification index of the peptide, can transition the chromatographic behavior into stable
independent time attributes, and improve the accuracy of the peptide identification. Prediction of peptide chro-
matographic retention in complex systems is also of great significance for optimizing proteomics determination
conditions and improving the detection rate and repeatability of mass spectrometry data in data-independent
acquisition. This review focused on the chromatographic retention prediction method of unmodified peptides and
modified peptides, summarizes the content, characteristics and limitations of four types of peptide retention time
prediction methods based on standardized indexes, peptide molecular models, amino acid residue parameters,
and machine learning, as well as their applications in proteomics, with a prospect of their future.

Key words peptide retention time prediction algorithm; peptide retention time; data independent acquisition;

proteomics
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FR IR JoT 5% S8 7 R Y R DL IR) A, 223 509% 1Y Ik Bt HA
WK BT (MS/MS ) 1 [l v & — > L B A IR, il 7
A 0w TR O A5 B i BT AR A R M —
T3 I 88 1 2 2 B RE B 1 AL Ik By 18
TR, B T B s TR 5 — AR 2
VR 2 IR TR B 48 o A, B 1 BT BRI
B ( post-translational modifications, PTMs YT
B T e 22 IR Z AR R s 20 B AR R T
2L PR

Z IR 3 O B IO T a5 T IR N2 KA B
AR BT, T 22 S0k A PR BT AR AR R BT b AT Y
BRRIF I RE . HITES & M EIE R,
{5 B4 15F 8] (retention time, RT) B & T £ KT 51 (S
B 22 R OR B JR] T 2 4 2 K 6 i OR B AT
Shy I A Ay R R ST )RR B (] i v L A SR AR
227 TP Al B AR B, 1 ) 2 R A Y
i w Rk Bl AR K R £ (data independent

4 N

Interactions K. RT

- /
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/" Hydrophobicity... | /
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AR SO AAE i 22 IR FIAE M 22 A £ B ] Tt )
(&S EIEAT 1 2R3 X 2% 7 iR I B A Ry
FSCHCAE B 1 0 1 e v i R AT A
PP T XS TT R TE AR 1 BT 4 2 vh WO 5 B 4 1 B
8 AT AT R A 1 L O X 22 DR B I ) T 12k
%) K e 5 1) B FC R TR St AT 1 R

1 RIEHAKER B4R BB B (B T30 77 7%

T oy M s OR B R B A ARZ 2K
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Figure 1 Four methods of peptide retention prediction: each figure illustrates the principles and characteristics of this four different methods

1.1 ZRoFHEA%

FELE AT S5 F T R Z BRI RT W% /2
TEZE 1Y, R RT S22 S5 iR e 2 8. 2 Ikar
TSI R o 22 K A A 2 o B Y S5
15 BB T AT 2 2 10 0] A A2 AH BA R A {8 5
IR 22 RO BA F TR] F00 A5 380 i ) 1 % K
TR T Y PR, i 2 DA B R R 1 DT R

AT TN, 7 ¥ f e (H BRI T —SE 5 €2 1% £
AR

1.1.1 & Z%#-4% 8 X % (quantitative structure
retention relationship, QSRR)  Kaliszan 557 JF & [
BET QSRR Y J7 A0 T A 1T 53 IR P 91 8 — &R
F A 27 AL« G2 R TR ke ik I B IR I) A A X
lgSum,,, 2 BKAGYEHE FL/R (Van der Waals, VDW ) {£&
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TR XF B g VDW Vol , 22 K )35 1E 3 - 7K 43 i &
BRI EL clgP. it 22 T A1 H 73 Ak H gl G it
I R K, FH T 22 JIR A £ R s T 0

Le Maux 55 0 DLW KM S HE R TE ¥ 5]
AL T I =3 Z B R R EOC R 7 RT
TR 3277 1k w] LA A YR M T30 o R ik
) TR P 7 LA B IX [ 1 JER P O B Ik 1]
112 e RE&HEH Ko T iRAMEE X% (liquid
chromatography of biological macromolecules under
critical conditions, BioLCCC)  BioLCCC & F & 43
TG Y B T7 v ) IS A BE AL 3 A58 50 K
22 JR 3T T R 550 -FL DY 8 25 ARG R 00 (38 70 g ok
REHEAT AL, [ I 255 p A B 5 FL PAY £ JOAC £ 905 7
AMELL, K2 A E A 2 1) A RO ELAE
AESF AR, BioLCCC 528 By A #4FE T AT BB 401 55
JE BB B SR T 2 IR (R AT B A% IR o T i
T2, IFBE ELETT 5 1 45 VA R 4 LA 1 T 2 IR
R T
1.2 Ak ik

B EA R 512 I — 2 A v o i) B I 1]
FEE ST S T, FE X SR A by A DU IR A RT 5
D0 SR BRI o X R A0 AR 1 JOR B 5 A ] 9 7K
PEIF H 2 T MS Kl o Hs B R AT — bR ik
AR E 256, 50 T ATE S5 S i A AN [) A2 10 52 3
S AT I RT A B, BRI 7 i T @ R4
22 FERTBUE 22 AR KA
1.2.1 % 3] #% % B 19 (indexed retention time,
iRT) iRT H Jc i Escher 52 HY | iRT i F bR
JIER 1R[] FARAT— A B RAR PP 51 A A Al
X — TP A FARAEAL 19 OR B I A 2 3%, &
AR H/IN, B AR B v, NS I T LC-MS #Y
WA BE . H A2 KA RT J2 A X T 45 i iRT-
JORRR) P A A, T DA S 3 R ik R R
IRTHG B2 5 PR B i 2 (B A7 A S 2 A DG o

52 I TRBNEALL  iRT 9 — R 50 5 156
BTz, ROR$E s 18 H B2 2= 5 2 B i A
HORAMER . (A T iRT BB IR A B, 3%
FHT LA A, RS EEATBR
1.2.2 & # EiRT (high-precision iRT) & T ff
iRT HA7 5 5 BORF E , Bruderer %708 iRT Y™ i
BT R AR A 23 Be 11 U9 SCBLIRT A RT 6]
R LA 4 o Il R R AR Bk R L ) 2

FUTTH 22 T 15% 9 AR B o A BE iR 4 Tt
iR EARAE—E B BN EIE R TR H
AT SR S PR P U SR R 1 e 28 R ik R AR Ak
R AR
1.3 BB RS AOR M b 3] 55 45 -

BT HRAE SN 7 vk ) B A B0 R B 5
Hh A A B TR B B X R IR RT Y S M) o
T2 3% e ) A A T R i PR Ry I P AR 8K (retention
coefficients, RC) , B4 B IR ) O B w2 4% 1> BTk
EA(—HRC) . TEGE M ERE R, T LbE
Jok TR B b R 2 (R ) 2 ki IR 1) 8 B R Bk Ak 1) RC
KA THRRAY RT, 3 (H 2 iR (additive model) .
13,1 B AR %07 v f i 00 S ) 2 4 —
2 25 AR (e e MU 2R 2R AR 55 ) DL E AT
WLEEH 1Y RT A A5 2 3 47 vh A7 78 19 1> B R 4%
FEA LR B R EC S T HP 9815A THAL AR 5T
RC, A FH ik i) 2 5 B A G A7 T, T A 8 S
BN P51 g A LR 190 B L 25 ) R R B A fi]
FRE

B 5 9T 3 W SR A o R AR A AR K
14 Jmy BRAE L 58 B9 (5 3% 25 17 8 RC i ZEEAT BB AR
T 3 X0 5 A 50 R A ) 22 IR B0 A IR EE K AL
TEZH PR A B 20 T J I, 2R 48 2 R 4%
AN TA] B R v 5 P AL M B AN TR I, AT 3R A5 A
A (9 RCH L ABAEIXFE RGBT, P LT, e
T2 T I B OB R € 9 v IR DR B A BT A AR .
AHEE /DR IR (2~4 AR FERRBR AL ) FIIAT AR A —
RASFYA A B T 520 AR By s PO AR e
1.3.2 Folas - me At A e A Al i JE Ak AT
9% I, Krokhin 55 FF & 1 )¢ 51 S PE AR B T HAL 4%
(sequence-specific retention calculator, SSRCalc) , 1%
A AR 1A RRUA G B4k HPLC-MALDI MS §ic 4k
T 346 AR G IR A BCE 4 TR AR R i) Sk
EHEATROE A T PR AR IR BR AL RC (— 41X
I N-A i 11— 20 0 i A AR A ) FT 20
MEIE PR IR B LS B oK)

WL 2D AR R K2
2 000, Bk T 51 A KGR B 22 2R W 5% 2 1Y 5 RC, i
REUE T 45 H e Ay LB 14 85 30 & 280 R B R e
ity p e (2R E R ) . e 5Ll |, Eluta-
tor AR T H T 4K , i — 0% 1 T A B TR I 14
UTRONE o R Ry RV SR B b 22407 8 43 B I 1Y
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B AT S E VA A R R I R T R R
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WRZEA/INE 1% 15 B2 %07 2 i ele gk vk H
Hi 1 052 M4 AT A 24 AN Ba S35 fUFD 1/ Ty
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JOKC, 3 feft 5 O LAGE FH T oAl 6233 2% 78
1.4.2 X#H@Fw)a (SVR) A Tkl KD
(4 I 25 R 4 ] Fsf 0, R 7 A ] 7)€ 3% 25 47F , Moruz
IR T —AEEF SVR Y RT U5 % Elude.
Elude Z %01t T 24 60 > FE R FFAIE - 2 BE R 20 1L
JIRH B2 2R i 5 B S Y g Y HL 179 2 R R R A |
SR AT RN i 7K M CF- 2785 /K P L N AT C R i 2K
PE |, fie 22 B0 D i K P S R 0 H RO )
SERAF o J7 vk R EARSAE T AR RS R IREL
PEAEOLT |, Elude B HEAE HE— ZH L1 OR B 45 4L
THE KRR IE A0 0 SVR AT AR 20 4, AT A 3]
T L BRI )Y H o MR A, Elude
FEIs AT/ ER BRI, 5 A rh R d 5 (T30 RT
FIRLEE RT B AR S e e ) AR R O e o il
FH X 5 % {8 40 # L Pearson A 3¢ 2 B0 £ fd (1)
FAST-f /ME& B - )7 (FAST-least trimmed squares,,
FAST-LTS) [8] U577 V5 #EAT Ve RERIALHE . X Fi 5 56
PR TR AT AR T AN R A €3 25 0, OR £
HE T f/MIERESR

TR b AT AR RV 22 SVR 45 R L T
DAY 5 IF AT 3CKE ) 5 HL (serial and parallel
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support vector machine, SP-SVM) £, &% — /MY H F
BRI 251 SVR (p-SVR) A1 4 4~ FH-F RT T 1)
SVM (C-SVM.1-SVR ,s-SVR Fl n-SVR) ', Hrfr,
C-SVM TR IR (3547 N HFAIE, 1-SVR F1 s-SVR #EAT
H b5 KB RT U, n-SVR XK RT 15 —1k , LA RAE
2 R Z 18] B AR ELAPE T, — 20 B v 1 JH: o0 of o
FEFPERE

AN E P AT LA A B ARREAS 5 I 2R 8
L Z A HYSC A T LR T 3XRE 1 J000 SR mg 2 )
GPTime 45 SVR B A8 Ry & Wi F 53 13 72 (Gaussian
Processes, GP) , LA [ FF i 2 £ — Il 25 — A —1f
B UEB T GP 5 SVR [R] 45 A4 MERR M | 7] B 42
HET I RT B AN A 7

Lu 28028 DB AR BE 1 R, 3 1 T — A TR e
SR B 0 A 7 (locus-specific retention pre-
dictor, LsRP) , ‘& 7 bt 22 I e SE X e {7 B 5
SVR B L4545 o B8 IR 91 e Ak g h 0 Fll 1 4
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(] PR A — X — B R 0 OC &R, FRE AT SVR Yl 2R N F
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1.4.3 RAEF3 BEEITLLA S PEREL
I AT RO B S A G R I 2 ) R AR IR, TE
HEAT N AR BT, PRI A 0l 3 5 AR 1 52 A 8
PR DR U, L TR A ) A KRB N
325 3 0 M2 W 4% (recurrent neural network,
RNN) F=FRM 25 X 2% (convolutional neural networks,
CNN) FE & 9 2%, FC o RNN 2 d5c 32 2 10 ) 2%
P

Prosit J& RNN (AR FRMHRIL i —A it %
F— AR AR N o A KT 51 i o 2 1
R (B E IR AR K O 20) I R IRTE
2, AR 25 W02 K s I8 AT i, 1500 RT .
G i & th— MR AJZ , — 4> BiGRU 2, — ik
GRU ZFI— " Z A i a5K 7 51 i =
7N 2 42 3 95 4R 2 AT 24T F0 L [R) AE AR T
RNN 244 1) DeepMass I 1] — 58 4 i , FE I 264
F5—> BILSTM )2 . — 4N LSTM J2 , i S 21
GuanMCP2019°* i {1 — Bt i L A BiL-
STMJZ . —A>LSTMJZ , i EU# /2 . 5 SSRCalce Al
Elude FAL, 3 JUR AL AR 7 A0 5 A 1 g L %
RT BTN AT LA B4 1 9 AH G

CNN £, & £ BUZ AL 2, a] 76 [6] 9 2 [A]
JOBEE FHBUF P RRE . Ma ZE5 3 H DeepRT, &
CNN FI RNN F IR & 26 284, TR Fr 02 « 7R
fiE [/ 242 (CNNJZRILSTM )2 ) Z J5 , R FH 32 i 43
43 M1 (principal component analysis , PCA) ¥ 17 [%
Yt SRJEFI ] 3 A AL &2 > 5 2 (SVR, BEHLAR
M (random forest, RF), ﬁﬁﬁ%ﬂ(gradient boosting,
GB) ) #EAT 45 . Deep DIA™ Fl Auto RT™ 4R J&
XAE AR A 280, DRl =34 B9 RNN JZ 233
BiLSTM #1 GRU . {E A —$2 A2, AutoRT A P/~
R RE : H— 2 0l i 5 AL S0k S B H SR M 22
) 25 1A 22 22 4 38 2% (network architecture search,
NAS) , BT 530 10 4~ f VT Pic B 468 80 3F 47 21 &
T 5 53— R AL 2 T R A R R
YNGR S E i N D DN/ S Y § 1 S
(29174 182 Z5 k) X HER LAY HEAT YN 45, SR 5 I 20>
T F PRI ) B R AR Y AT DM v DD o T e
(S50 2 o A KA Y 2 SRR AR T B S 5
s i HA LA AW RB 515 3 3RS & B2 TR 1Y
B

XF TN AR AL GBI G > O vk
WAL TIREE 22 )y ik BB VSRR M 2 IR
JE 25 20 5 125 A A SR 2 . 3, R B R R T
Bz,

2 BEHEFEE S AR S E

PTM RE6% k28 85 5T ) A RS (KPR 25
[i) 45 A6 RIS AE P | e 25 e L 5 A2 AR S5 () A BLAR
I ThEE. HRETE & PL300 ZFAHE A PTM, 5
W R L AL . Wik R AL BEEfL
DL K A A A R S5, PTM 51 A9 Ik RT 19 4%
AR T B SIS A8 R | R A A8 A 1) 2 R TR 3%
TR AP A i
2.1 # = PTMAS4G

H A A 18 Z 09846 &8 H T PTM R AY RT
T, K R O A BRI R b5 A Y 2 Jt
PR 3% L A A R 2 50 (RC, B K PR 4 ) e A7 T30
Ui Reimer ™ 5| AN [5] 8 JLZH & 1 JUK 0 £ B8 B4
ST — B P ARSI 1 7 v R TN N ey e L A AE
W IR BE o i P A e IN R i ke 6 1) 38 7K P 3
T, F B TR A R EA o[RS AR A 1 AR Ak X
TR P8 B[] J5 % 049 5% T A, B A A A
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BioLCCC A4 4 JE A R m] L0 EL AT B R b 15
T A R IR A% T e ISR T P A 16 i 0 R & B TR
SERIAAE R A RE L 24 C B SRR | PR (formic
acid, FA) . 8¢ = % £ 1% (trifluoroacetate , TFA ) 45 &5
T A R U R e T A R R A
Xof 17 ) 2 IR T A LR B I A i K P AN
F4) 61 52 AH (0 CA-Tik Je AT ) I, 5 B0 I 3ot e L
TSR R AR G RP g [ 52 AH B4 1 X5 T i
2 RO HL A3 B B TR BRI R TN oA M ] FAREE
TEA W T 2R AR S, AR A IR Y
TG B T A6 I SARR M ) R b 0B 4 750 2 4R R
2.2 EEPTM &4

Elude 2. 0" BE#%3E FH T4 & PTM, 1 $& & 75
IR ) B R i B A AMIE I SRR R . R
T H I RE Y R BB 1 AK, M BR T K P S 2
Kyte-Doolittle , & SO I T 5 43- fi iR £F , W125%
I AR 55 RC I R A OB 22 BRI B . 7
RPLC-FA &4, ZBHL . T AL AN Bk AL 18 i 1)
JURT AR ARAB M K 22 I DR, FR B AR R R A
FRAE i I BRZE R AB M IR Z BT VR . Elude2. 0 XHE
T R A A ) I EL AT ()R A S o 000 1 e, B A
B A A TN AN S2 56 RT =2 [l A9 AR 5C 2280 0. 93 ~
0.98. T AHKEL 75 (1) B — L 5 #10 T BEAF
B S RER AT 225 I, T HE
PR A ARG DR | T S R I
i Ae B ARME I KB A RT

FEVRBE 2% 2 Jriderh , R ZHOBE AR F i) — 5
2 i 8 FE R A TR 2R R 1 1 PTM K B A9 38 1
DeepL.C'“J2:ME— AT DL FTIAE 4 22 Bk RT A48 AL,
2 RN GE P AAEAE B 2R, Deepl.C R H
CNN ZEH , BB UK Bl 20 1 o0 S0 B ok 1138 L R 741
B, X T A A LR 1 22 B, A8 M 1) JR T 4 L
FE I B AAB 5% I A0 B 2 Lo 3K o 2 e ol A5
RIRBAE 2% S I AR A B i I B . 5 1B 2 74
IRBIAEAE  BRIL GRS A , I8 gt 1 B 4 f BOR
2 J IR B, X 15 Deep LC T 46 i BK B (T
HIOEMEEAEMR ) AR AG 1 IR BE A RT W60 5 A0 2 .
1 20 504 4 7 (SWATH Library29, HeLa HF30
FIDIA HF31%§) , Pearson F 5¢ R EUARRE L £ 0. 99,
{8 DeepL.C X} HAT &2 24 & i (B2 1k ol A8 1) 1
JUK B AT R T8I0 30 2 265 hy DRI M, B A1, 75
B 5 5 ZR B AH S I U R Bl A e — 2 4

rtERE.
3 M H

TE A ) £ 5T 2 b, O B IR ) 00 A A ]
DL 15 Y B AR R R AR S5 9 5, S
Zo [ 8 5T [A] B 2 o 7E bottom-up & [ it 41 2%
Hh X SRR 2 B TR PR R L R AR
AR VT B 5 3% (peptide-spectrum matches , PSM) A9 %
SN UERRHE . D4R, MO Z BB S0 Z Ik RT
o) A5 Y A 1 B AR T A A O A A AR R
Hh 3 AN [ S A O i R N TR A
K4 (data dependent acquisition, DDA ) 1 [a] 25 [ 5t
292 DIA B ot 4 2 92 36 58 B 4 1 o RT
B 25 SR &
3.1 Few i @ AL 5T 6 kAR 8 B i) SR

Xf T 1) £ T2 S b OB R S — 2 T v
FEAR BN A RT & T 0800 43 B ¥ AR B 75
(S I R A . R AR B0 A AT LAE A4 35 4K
P i T O TR B2 Rk, B 2R Sl hE
T Bk 5 0 I (selected reaction monitoring,
SRM) M 5 45 5 YRR , PR rhoa] BEAFTE R
A5 HIRRBEE IR TR, 7E DDA Ht, Prosit ™
ALK [T 576 256 DR T19 21 764 501 15 i
WL, BE S 98. 5% M N IEEIN ol JH T 00 45 21 19
HERR Y RT A 035 HEAT IC LT 23, KOR4R & 1%
FE 1) IR BE AR T RE 1 (B 20% ) o SEABLAY L AT ik
T SSRCale HARARIE T, AL 1 BTig A7 T &
DLFRS, T e PR R MS AT B Y T A R
FIBT (1009 ) Bl €635 A 9 22 A sl A3 &5 v A
— Akl 4 fE & (normalized collision energy , NCE ) ]
WAL , BT DDA (1935 2 2 Bifi 45 I (] F1) Jc 345 17 28
(CSunin
3.2 DIAZ & U285 oA o a9 BkAR B B e

YR IR A, DIA BB R U TR £ ik
B,y L B ik 2 52 B R B R4 B T
Yo TR 5B I 5 52 2% it [F] I 1 A A 0L T
TSt — PR . A W R i B S At 0 ey
A BEBE SO T, AT LUK WLEE 5 (4 BB RT i
AR AR BT i PR R B R RN 2., 3 It
DU AR 1 o 33X S T 5 vk i AR 3 AE T ]
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