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Abstract

Mass spectrometry is an important analytical method of proteomics. Data-Independent acquisi-
tion (DIA) is a stable and highly reproducible data acquisition method of mass spectrometer, which
has the characteristics of wide range of mass to charge ratio and high throughput. DIA-NN is one of
the mainstream quantitative software based on deep learning in the field of DIA proteomics data
processing. The output of DIA-NN analysis of DIA data contains low confidence peptides, so biolo-
gists need to manually filter out high confidence peptides based on the similarity of peptide frag-
ment ion chromatogram peak profiles (XICs). The task of manual filter is time-consuming, and the
filter criteria vary from person to person, leading to subjective results. In this work, we propose
an algorithm MSDeepFilter that can automatically filter out high-confidence peptides based on
deep learning. The algorithm extracts the features of XICs by a deep learning model designed based
on Squeeze-and-Excitation Networks and Residual networks as a way to distinguish high confi-
dence peptides from low confidence peptides. Compared with the traditional machine learning
models Adaboosting and Support Vector Machine models, the MSDeepFilter model performs bet-
ter in several classification performance metrics on the benchmark dataset, with a test set AUC
value of 98.7%. This indicates that MSDeepFilter has excellent performance and can replace the
manual filtering process.
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1. 518

BT RSO H AT e M EARBCRIEE A R 2 T A . A AHi3EH (Data Dependent Acquisition,
DDA) M HE A& #i45 B (Data Independent Acquisition, DIA)JZ H F ) i Ak R4 5 o A0 1% S 06 2 it
B DDA R[], SRS St BRBRE S kAT 2, SR — e, SR e — i ok
FEHEAZ BT N KBRS 7 AT IERY, 58 2051 . DDA K4 J7 sURIUR) — 05 3% Al — 25 J5 3 5ot I3 5% 2R
T, EOGREES TR R m AR, SRR AT, BRI IR B A R

FEEZ T, DIA SRAT7 20 BERS A FE X R R0 2 ANISZ T 1, ARV AN B N IR B
TATREI T AR 78 THME BN 2050 . DIA RE T RAA L4 R E S S S EE .
REE =SR2 T DIASUE TR FEFE 5 RA TARBEEF, HIRAER—K _Hink
1, S35 DIA FUSEURE MO R M. HAh, DIA 5 SEHE i & B2 A S B b i L )
B FAE MR I — RV BAG AR U, Blank: T SWATH-MS EAR(—F DIA JiigHA) G
R TR ER B U T A AR 2 1) ER B ) s AR ST [2) FNAE SWATH-MS J5 i $icdfs (1 2 itk it AT 4950
JIZFFEAE[3]. XF DIA B Bod ) v B e Vs IR SR T AR IR, Ak, RN DIA BRiSEEE
AT SE Mk BT I LB — BRI A B .

DOI: 10.12677/biphy.2023.112002 18 AW


https://doi.org/10.12677/biphy.2023.112002
http://creativecommons.org/licenses/by/4.0/

I 5

S3HT DIA S Ed, 5 AT 2 . — MoK 4 Brik, 183 DDA S50 24 61
FESCHE, K Sga it DIA EE 1 5 S0P A R B AT U RS, AT 58 Ik B e oA, e RR A 9T 7
AT B EE AT DL KR S0k DDA SEBe A s AT EE , ] L B N SWATH-MS 405 o 1) O o i35
SCAEAR R R [4] . FE T SRR T IR B TR OpenSWATH [5]. SWATHProphet [6]F1 Specter [7]
&,

I FCITIERR N T S Aridk, W] LA 2 DDA 5256 . 2015 4F Tsou C C %5 A4 H 1) DIA-Umpire [8]
I R BB 55 1 B RF L3038 /N T 10006 FRRF AL, 58— 20 5 il o 0 JOR B B 85— A0 4 o ol o e 4 T R AR B )
FHOGAE,  DAHRH — G i A0 — G sl (o0 B2 o6 &, I X R Oy s D B B, SR . TR
FeF T4y Mridi i) 1T 23845 Group-DIA [9]. PIQED [10]41 directDIA (a part of Spectronaut [11])%%.

LA, HETURBE S ST T 3 i 7120837 K etk . 2019 4F Bernhard Kuster #1 Mathias Wilhelm
PEH 1 Prosit HiE, T RNN RSB AE 6 F0I0 BF 25 7 1 200 1% P AN g B R[], AT SR A 5 T0RS ff 00 o o &5
SE[12]. [F4E, Tarn 2542 ¥ DeepNovo-DIA 5%, R E5 =) B T kil 7 (de-novo sequencing)iZ,
RS E KB IR T HI[13]. 2021 4F, JE 1K 22 B0 b @ AR A e 18 4 45 A3 H 509 Ultra-DIA, ]
FIRFEAE 73 B 3w i 2552 B S 115 5 (RFAE, T 58 ons IR BORTER L EAT 5 PEANE &40 [14], 38 %
A PAEE T B AT A I3 H DA B 0 ) 57 Dear-DIA, 255 IRFEAL 4 B ) dmhd 88 = B 102K
K SR BAIRE P 85 1 il B RRRAE, RIS k-means SREH LM B A MAURFE FIRE F R A 3 [F —28
o, AT AR DIA T 1 it [15] « [ 4F , SBT3 5 g 1 A A 28 L AR T AR 1 5 TR 27 5] LSTM
(R4 E B DreamDIA. AT BEALIZE I 1% PSS A, 0 — A AR BE IS 18], o0 i e 1) O B W) 1B AT
WG, AN T A K B () O BE IS IAD AT F0 . 42245, DreamDIA 456 LSTM R4 % 452 0 28 oF 4 N\ B it
174157, kR ARULAC 45 J[16].

FEIX LR 5T, T 2020 4FH1 Markus Ralser %5 A\ JF K 1) DIA-NN SRR 2% 21 T DIA 2 H 5 20 2%
AR AT, JFE T ERE AR E[17]. DIA-NN Re%R il &7k T4, Fadfdn
SE AL I KRS SR8 o R4S DIA-NIN i Sy s il i B 22, B3 AR 2 it — g LU A9 ROMIR A5 P IR B
XAFAREDFR AN BAEEAT N — PRt i, TEN TR s B E B . N LIk iR sk
T PTG R B T S i I A (XICs), ARG BAZS SR 7 1 8 1 1 A i 04 T AR DL BE Dl o A 7 12
B AR, BRI T @ik aT Ak i T B4 Skyline [18]. TOPPView [19]. MSSort-DIAMEP [20]
A1 DrawAlignR [21].

Hor, T 2022 EAE—ng%5 A$EH ) MSSort-DIAXED {3 OpenSWATH 185 —35, X kB
MS/MS £ Ha 3EAT rT AR AN 2 IR B BEBS F-[20] - %7728 FHf OpenSWATH it # #5 45 JE 0 B4 Ik BRI DT
T AR 1 5 - 2R AT € il it % S A RN P ARAL, R FH VR BE S A P 22 I 2% o) B4 i 1AM Rk AT B 12 908
SEE B /> R RNE,  E 3R B KB AR E S IR B, A F %X OpenSWATH i i 4 7>
MR A4 I B I PO , SRR N A AR AT 55 7 4H .

5 OpenSWATH #HI7], DIA-NN 4 H 4l i b8 60 5 0n Je a2+ UM IREBL iR — M s
HALE 1000 MKEL, A A — AN RBON B R T T XICs B fE 2% 30 76, S5 B N LA A A ik
2] 83 AN/, I N Tk fid R AR FER o tbAh, N T E Mk, MiEisfEA S —, X2F
B RN o N LA 297 iy BAS FE IR B 8] 1 o 22 W0 R A ks 45 B (BER +
%) Jof A L AN LR B B TR)AS S DA R 0T 1 A3 5 f BL T 143 J2) A 9 Ji s 503 (B 55— O B B () PR — R 51—
HIEE ) IR IGH A KB I PR T it 2k, fAg v A 2 BN RS
OIEE R, DISF TR T Ok th AU bR e, MIBRICEE BB, Jfiik th v BAE BB .
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A, AR T —FhIE IR 2% ST 509 MSDeepFilter, 7] DASTH i 1% #4844 DIA-NN 1745
K BB AT E s HL S R F VR o0 03, DT 7 0 HH v B P M BR B, AR B SRt T R — b,
BRTEHMANLIGELRE. AT WRZAE R 5258, AR T IKEBC 5 1 @ik g nT i1k 1T H
getXIC, ¥ DIA-NN &5 KB Thr e B 15 E SICEFE RS, PIbe)d 745 86,443 ZKALELM
FAE MR B s 42 BT A F 2% B0 5 %) M SDeepFilter (AR Y HE47 11 2R AN o K 45 SR 22 B, MSDeepFilter
EX A B A AR E S ARB O R, AT DRy AN L% DIA-NN i H KB & AR 7 v .
2. BIABIRE

PV T v o S R SR AL VR B 22 ST R S 40, FEMEBUR SR R 46 DIA i s 4 >k B
ANFEF . ASFEFREACE PSR R B EA . FRATTE A DIA-NN 158 EER e m T eE, FEmAN T4
& & LAER OpenSWATH-PyProphet-TRIC (OSPT)K) 73 b 45 5 A 18 5im 2% i 2 > W 7Y 1132 4k B
2.1, BIRENRIE

1Al T HIRERIER, OEBIREAI. PSS B 2 R AP A A K o
AR F M4 Bon Bt S8 3L Atk S 36 5 22 AT 44

Figure 1. Steps of manual inspection
Bl AIKRESR

Table 1. Information of dataset.

1 BIREKRIERER

Hiufe JREA R AT s o Ak
Yeast_NN TTOF 6600 ABSciex DIA-NN
Human_NN Fusion Lumos Thermo Fischer DIA-NN
E.coli_NN TTOF 6600 ABSciex DIA-NN
L929 NN TTOF 5600 ABSciex DIA-NN
HYE124_NN TTOF 5600/6600 ABSciex DIA-NN
HYE110_NN TTOF 5600/6600 ABSciex DIA-NN
Yeast OSPT TripleTOF 5600 ABSciex OSPT workflow
SGS_OSPT TripleTOF 5600 ABScex OSPT workflow
Hela_OSPT Q Exactive HF-X Thermo Fischer OSPT workflow
E.coli_OSPT TTOF 6600 ABSciex OSPT workflow
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Continued
L929 OSPT TripleTOF 5600 ABSciex OSPT workflow
BGS_OSPT Fusion Lumos Thermo Fischer OSPT workflow

W BN EARERN G T B PRGBS I5 G DIA BRI B SACARR: BB = 5N A RIE T R B
VU 1 Ay b B A SR K T s FE b8 HIAER ¥ TTOF IS RE{X TripleTOF f#i#%, Lumos Jfi k4% Orbitrap
Fusion Lumos Tribrid ¥Ifai#K; 351051 43 #8744 1) OSPT workflow g OpenSWATH-PyProphet-TRIC )i #5 .

a4 Yeast NN (F#kHutik: http://www.proteomexchange.org, PXDO031160)2 )i it (% TripleTOF
6600 (47~ 7 : ABSciex) IR H B REFE B0 « — 25 5 fur LU Y B v 400~1250, 35 40 AN AR 6 115
HE4E Human NN & i1 5 151X Orbitrap Fusion Lumos Tribrid (457 1 : Thermo Fischer Scientific)3k B 1)
NIERE R B [22], — 205 i 47 EL S BN 400~1250, A4 30 AR 11, $dE4E E. coli_ NN 2 i fi i
X TripleTOF 6600 Fi43 (1 KA AT B FE 5l [23], — 205 0% o fif L B Ay 400~1250, 7% 100 ASA] AR 11
54 HYE124_NN F1 HYE110_NN 521 TripleTOF 5600 5§ TripleTOF 6600 Jii i AX 3R 151 A2, BERERI
KIGH B R G R SR [24], — 0% B far LU VS Dl 400~1200, A8 32 ANE 64 AN, & H R/
SEBAIAR; P4 L929_NN & [ TripleTOF 5600 /i i 4% LA SWATH 3R 1511/ BUFE S B g [9], — 2,
J5R B 5 AT G LA 400~1150, L5 100 ANATARE L, — =M EEREM. X 6 MRS DIA-NN 4
HH N TS PR R kB S iy 42,443, Hoha BASEIREL 22,306 4™, IKE(E Mk 20,137 1.

4 4E Yeast OSPT (‘R#kHbiik: http://www.proteomexchange.org, PXD028735) 2 HiJii if4% TripleTOF
5600 K13 (B RERE Sh 3, — 05 0% 5 i LYl 400~1200, 43 64 AN E % s $di4E SGS_OSPT
A& BT HEAX TripleTOF 5600 3545 SGS [S] NS fn Bt , —Z0J5t il i 4 L Bl A 400~1200, 7% 32 /N[
SE s B 4E Hela_ OSPT J2& i i 4% Q Exactive HF-X (427] 7 : Thermo Fischer Scientific)575 ] HeLa
[25] 40 fi ke i oBed , — 23R i 5 1o L Y Ly 350~1650, 15 45 ANE 1 HiE4E E. coli_ OSPT & i Fi i X
TripleTOF6600 K151 R T B AR fh 25 (23], — 4t i o A LU Y B DA 400~1250, 497 100 AT AR
B4 1929 OSPT 42 H TripleTOF 5600 Jfi #4% L SWATH #2015 10/ SRR S BB [11], — S5 i o
ELYE v 400~1150, L4 100 NAIASH . $iiE4: BGS_OSPT & i Orbitrap Fusion Lumos Jii 4% 3545 /1)
BGS [26]/)FFE s, — 2 itk i i EL Y B A 350~1650, L4 40 ME 15 HdlE4E HYEL10_OSPT Al
HYE124 OSPT /&1 TripleTOF 5600 5§ TripleTOF 6600 /i i X 3545 (9 N2\ BEREAN K AT 1 (VR &R b
HelE[24], — 25 BT ELE I Dy 400~1200, 9 32 Bk 64 N, B HOR/NEEE AT AE . X 8 AN EE
25k OpenSWATH-PyProphet-TRIC TAE 20 #r 4 th 45 RIL B S » &0 N T bR 25 (R K B & 44,316,
HhmBEERE 22,744 4, (REAS KB 21,572 4.

DRI, AR SCHR T B AR S FE AR 86,759, Horbimy BAE BEKEL 45,050 4, (KB E KB 41,709 1.

22. REMESHIRE

DIA G o prim e . e s N Ll & P & Ae i, ARSI i i OCR £ DIA #dl, 152546
Hd,  [FILE uniprot 85 1 SECHE 12 o T SO B2 AR ) B B BB 2 DR G S R AR )
AT AR B — RN T AR (B 2(A)).  TAEU DIA-NN 8¢ OpenSWATH-PyProphet-TRIC X} %¢
AT AL BE, A AR AL S IR AR B B IR B DA R R R 45 R, 5 MSDeepFilter HA TGS 2 &
BEEKE(E 2(B))-

H Af, DIA-NN &2 T IR E % I DIA Ji % 88 o dr S &) iz 1 TR 2 —
OpenSWATH-PyProphet-TRIC AR AE &) Z L 5 TARR, ARG KESLRUE. 8 N RNAH
AR RES T, WA E R TAER P RS HLE .
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Figure 2. The workflow of DIA-NN & OpenS-
WATH-PyProphet-TRIC (A) and the workflow of
MSDeepFilter (B)

[# 2. DIA-NN F1 OpenSWATH-PyProphet-TRIC &Y
T1E#F2(A)FA MSDeepFilter B TYERFZ(B)

2.2.1. DIA-NN T{E%

BT DIA JRAA SO RIE T A F M TS, S BUR MR SO U, 5 0 SR aa ks 2 wiff
Fil.raw # 3. DIA-NN 75 2 /it & MSConvert (V.3.0.19311) 11 Thermo MS File Reader (3.0 SP3)# {4 5K Htix
PRI S SO FRATHE DIA i A A B 508 FE/E y DIA-NN (version: 1.7.11)f0%i N, R/5
W B — 50 5 a7 LE Y Bl 400~1200, 25 1% i 47 LSS Bl 100~1800, # & FDR A 1%, HAWSHCNERIA
fH, 51517 DIA-NN 3R7F 5 & iR (5 2(A).

2.2.2. OpenSWATH-PyProphet-TRIC T{E# T2

B, AV MSConvert (V.3.0.19311)4% )it i H4fs (1 J5 46 SO 5 4y mzXML SCfF, IR A
DIA-Umpire 4=l DDA 5% &) mgf S0 #8)5, FRATTEL UniprotkB/Swiss-Prot ##fs PE 2% e, i H] TPP
(Trans-Proteomic Pipeline, V5.1.0)% {46 741 f¥) Comet (V2017.01)F1 X!Tandem (V2013.06.15.1, #%3 A4 native
Hl k-score) &R 51 5t DDA U BT HER EAE R, IF4ath pepxml i MR R . ~—48, FAVEH
ZH % B N-p0.05 -17 -PPM -OAdPE -dDECOY (1] PeptideProphet Al 2% & & DECOY = DECOY [f] iProphet
XPIZAE R EE RHATIAENPESr . Mayu (V 1.07)H T € X T 1%k FDR Ff] iProphet 8% . il 1% FDR
G079 2 A R B T i N 2] SpectraST 1, A2 Bl e 8 75 210 22 SO sptxt. spectrast2spectrast_irt.py fiA
(RT A http://openswath.org/en/latest/ T k)44 sptxt ST HH K B B Or 87 IS [R] 5 48 9 iRT INF(A], Her B -0 B ) 1]
VA—ALH IRT IRBONM W VETEREEE . 505, FRATEH spectrast2tsv.py JIASK: spixt SO 4640 tsv #%30, K3t
ol TraML #3200 2F, i1 OpenSWATH-PyProphet-TRIC A& & 54T

2.3. BuESRHa R AT IE
FA1#3 2] DIA-NN F1 OpenSWATH-PyProphet-TRIC LA 1% 45 75 5 , i@ id i 4% getX1C.py M DIA
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JiR GG s PR T T S e 4 A S MSDeepFilter R [ AN Z0HE (4] 2(B)). HHT DIA-NN i i I #5
FFEFIEBEAREE, RS 5N A7 DURCE FRIEE 73 B A E 5 6 it il 264 56 M 2 Ui #6
R SR Top 6 HIRE T 55 1), FRATHRIUSR L d5 a8 AME N 7 88 T4 R 5% o 183 llit 40, 55, 70,
85. 90. 105. 120 S A[FIMh AR IS, R RIERRTas G, FRATR A e 85 M [H] mifE A
i) . MSDeepFilter fIf NEE A 6 45K N 85 HIRE AT 5 F XICs #IE 6 1T 85 FIRIAERE . &4
XIC AR e e BRI TR A O s, RV RTE 42 AN A) A A5 BE RO 1 5 B 42 /A A1 ) o i 4
W, SRIEFIA sklearn FE A 1) minmax BIECK S AL E 0 B 1 2 8], DAHBREESS W . 3R T
PRRFEAZAE W1 3 B

A BB Bk A B rBEEkEREA
PMG1_YEAST-LWIPVNR-2 MDN1_YEAST-TLTQLEAGGLSIVK-2
1.0
0.8 n
2 06-
8
g 04-
0.2
0.01‘—_-A-——,_,J_,_,_|
0 20 40 60 80

Time points Time points

Figure 3. The XICs of High confidence PMG1_YEAST_LWIPVNR and (A) and the XICs of low confidence
peptide MDN1_YEAST-TLTQLEAGGLSIVK (B)
3. BEEERKBR PMGL_YEAST_LWIPVNR HIFE FI2E @ EIEAR XICs B(A)FIKE EE KR

MDN1_YEAST-TLTQLEAGGLSIVK £ XICs [E(B)

Minmax V3 —1b B 208 :
X;—min(X,)
Xnormalization = -
max ( X; )—min(X;)

H— A JE R BAE AT N TIEFRRE, BARFRZ N B IR AR B S B KB . AR 25 b
R NGB AR S I B n W TR RO AL I W g v A BERR B, IR FIWT I B A BE AR B

MSDeepFilter [{)3EAEMIRE LA 86,443 MikEr, Hom B EEKBEE y: 40,641, IKEEE
kB Jy: 45,802, K iZEHELL 6:2:2 (ELBIBENL A AUIZREE, A8 UBRUEEAMNASE, HEE Rk
2 Fiuss

Table 2. Dataset Information

T2 BEEHERR

Kb e IEREAR HREA B
D[RS 24,385 27,482 51,867
A8 SUIRAEER 8128 9160 17,288
MR EE (4317 —Fh) 8128 9160 17,288
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3. %
MSDeepFilter BY#E& [RIE

N TR, FRATEE G IR ZE LR 27] R B . R4 SRR A [ 28] [ 3 & AL s bR [20] B %
THH 28 X 25 25 K9 F v MSDeepFilter R

9T VAl MSDeepFilter AL FIPERE, FRATIEMREE R AL % I8 . AdaBoosting [30]#1
SVM [31], X787 XICs #4773, FFLuasr2RkRe, XA S8 2 N LR 215 21

MSDeepFilter [¥I#HI4E L8 HEZLHL TR ZE W4, 456 FR4i Ul B AN i = WL BT i, AT AR
VE=ANM A R B — & — NMERE KN 1> L GRUE . 5 8 NRELS, TRE
GER RS SR AR RIR 2R, TR ZE AN S JEAT R R AR WU BN B NI, = s A
ARG TEAECH 16, WoE RECN Relu FIAXERL 2, e M2 A& 0 /M08 1, BEs%Ch Sigmoid
ARz, et 2 AR (= 4).

Figure 4. The proposed neural
network of MSDeepFilter

[& 4. MSDeepFilter B#% B [RIE

MMM N EREEE, SOV EGRSM R = 4e5s, I x 6 x 85) =4[, Hth
N—NSEHG KR/MNERIAL0, 1], ARERE AR B e B FE R B TR 2 o

MSDeepFilter #Rr, BRZTERAH L YA, Bahe ] g4 e Bl A S AR R, RZEE
B SRR R LONBRERE IR IR, I KRR AR T BRI RAG (52, e T 2% S5 4 3 BN 15
SRS AR LR A 1A R SR e ) I A A DR 1o S st AR T (KA AR, N
HUBHEIEIERFAE N, 3R AR PERE . (K 4 P I AE i) .

EE B AU OGTE Bl BRI DG, AR R AR B S5 B, A B TR MR RE (] 4 Th B T
BRI BRI 2 308

;
Attention (X ) = softmax(QK JV

Ja

Q=WOX, K=W"X, V=W"'X
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I 5

HAR P EREREW S W WY 3508 Q. Ky V IIARLEAERE, NrIASEL d AFE, XERMEERN
JNEIEE, Bk softmax MIAEE &, FEURFEET 0.

FAE ] Adam 14k #5112k MSDeepFilter #5780 fyfeize [ 2% , Yl Zidtt 5K/ 256, 24 betal 74 0.9,
Z ¥ beta2 7y 0.999, Z%f epsilon y 1e-5, MHEIEIN le-5, F#F )y 3e—6, YIFRRE I E N 100, i
R ECR 05 RIS SRR .

BLES 2 SRR R S N B 4 2 — 4, BANREA 9 K/ 6 * 85 = 510 1 —4E% ¥ .

SCFF I EAL(Support Vector Machine, SVM)j&— FifLag 2% 2] 777, AT LU KA IR R s S 2.
B A (] 5(A)). AT T sklearn FE HL(¥) sklearn.svm.SVC #5Y, ¥ “kernel” 8% BN “rbf” ,
“gamma” ZEIKE N le-6, S “C” WEN le-6, HAMSHIH W E NEIMA.

A B

AdaBoosting

N I A2

Loy, L oy |
(o J—[0o ]=Tm ]
v v + v
I(x) YQ(X) XK yM(x)

Lt

' Yo ()= sign() cayal( )

’ ,"x | -
b K I/’ o O o
[l ’/'O o J
¢ Support Vector

Figure 5. The model of SVM (A) and the model of AdaBoosting (B)
& 5. Z¥FEEHEIEE (A)F AdaBoosting JRIEE(B)

AdaBoosting J& T8 5% > H ¥ boosting 771, B, HWIIABCEIIZE R —A 895 2] 70 K48, R
I8 55 5 SI 2R 1) SR ZE RSR BRI AR AR AL, $R (5 — 5500 888 2 S IR ZE R | AR AR )
BCE, b G258 7 88 TE I AR SR R RE A . SRS, F AR 5 I R8s S I 2528
TGS REE, EEIIGHRMER, BRI RBNELBN A RENE. &5, BIASSE
PGB ARSI 0 285 (K 5(B)). AT T sklearn E HL[¥) adaboosting #5278, 17 3t 55 42
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Figure 6. The losses of the proposed networks on the dataset
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Figure 7. ROC curves of different models
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Table 3. Performance indicators of models
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