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DIA 8, 5 1% 58 (1 B B0HE >k 48 J7 ¥ A [, SWATH
T g v A A B A B LB N T A B IR T
FEAG R 1 15 DT SR AT IR BRI e 5 2 i A
B AT DDALDIA BECHAT & 5 Pk ir R
B S R A e SRR L {H2 DIA R TS
B I A 2 s AN TR IR Be (15 5 1R & 7R A — 5K 3% K
P IR T Ktk o3 B A e

%5 B #A . 2020-05-27 FF HH3:2020-08-12
E&TH . HHKARFAE4 (11874310,11675134)

* BIE1EE :jianweishuai@xmu. edu. en(JIEAF) s jhan@ xmu. edu. en Gl ZHE)
BI 308 AT B E AT, 2580 55 B AU R I SRS B0 (TR B 2 =) Al 5 e [0 ). S 124 (A AR B4 050 » 2021,

60(1):97-103.

=
Citation;: HE Q Z,ZHONG C Q. LI X, et al. Deep learning analysis for data-independent acquisition mass spectrometry datal ] . ] [/ T

Xiamen Univ Nat Sci,2021,60(1):97-103. (in Chinese)

X EH S :0438-0479(2021)01-0097-07

T 3BT DIA BB S A I Rk — H 2
I A . 2014 4F Rost 455 1 HY — Ff S AR Mt 119
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DDA 52 5. 78 fdf ] B3 £ AR W58 A W 2 1) gl i, —
ol 28 22 AR i, OF HLAFF 9 38 32 28 OC T TR R
A 22 5 00 85 . TRVAE, R TR 27 ik K i R 4 - 2
tH—Fh DIA 09 BEEEE k. Zor k@ EA
[F] 20 S g0 i Z R IR B AR BB R 3 R 5
AR AR DG o DT A 30 R 0033 L O3 ol 48 R 5 | ok M
JRBL. Rl Wang 45 2 1 55 —Fh T T DIA BT &l
A DT B2 43 A1 7 3 MSPLIT-DIA (mixture-spectrum
partitioning using libraries of identified tandem mass
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TUREE 2% 2 SR, B4 AR 1 S 5 12 v B3 Tt
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R E WK PR B (mean square error loss,
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Fig. 1 Schematic diagram of three kinds of autoencoder
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TR Z B9 REEEEAR TR S, i DVAE 51 A
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D H& AR I AB SCIEX 24 B TOF-5600
JRREASCR A SWATH . BT B a6 B A 1R A9
wiff 462X, JOTk B B BORCHE P9 2%, i LA 7 248 P J5

e

:

DIAJT S

:

Pt

l

DVAE

:

RELIRE

i

JIRBsEE L

K 2  Ultra-DIA 5387 7 FE
Fig. 2 Analysis workflow of Ultra-DIA
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) FT LA d H Comet™'™ 1 X! Tandem
SEA AR G 1 X I S PR AT BN A R A B KB
FEMELE

5) BJEHH OpenSWATH TAE TN kB 0y P
SEFIEATRE B AT, B A5 B IR BE AR (1 A 8 1

ek
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2.1 HIEER

J T S UEFE R RE ARSI A T — /N B4
Mur) SWATH 58 . 6 BERT ] 2 30 min. 3X 4~ 2040 A2
100 A~ MSI i 1, MS1 gifaf Fbyg A 400~1 200,
MS2 B4 J5 fif He 78 Bl A 100 ~ 1 800. 7& 1 4 Bsf [6] |,
MS1 HFAHEIE] K 250 ms. MS2 HIFA3 I E] A 33 ms.
— MBS 21K 3.6 s.

T B a0 & 3 AR 0[5 8 T B L B B A
[ TR . BT AN 2 SR SR AN [R] B 20 1) i PR A5 ¥ 3
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Fig. 3 Typical chromatograms of

precursors (a) and fragments (b)
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B B, 4 9 AdaDelta, Adagrad. H & W %5 4l 11
(adaptive moment estimation, Adam) ., Adamax, Nadam
FBE B &S BE T % (stochastic gradient descent, SGD)
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WA 4 7R Bk SGD SES, AL ALE i) 2k
RZEMATENNLRLY 256 WG TF IR F-Fa T R, OF HLRE i
MOk N, B JE i TRE. T Adam SBVEICSIGH EE P,
AR e AR HCE AR A AL 2. X T Adam 5
B BB 2 0. 001, B = 0. 900,3 =0. 999.
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Fig. 4 Training loss curve
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TER N KB 5 BRI v S223R4 i ik B 55 1 DIA-
Umpire B AKBEECY 78, 7 %0 5 i e /s 8 H 89 45 B
32 BE BB 9 A 16 DIA-Umpire A28 LS00 5 e
IREN 91, 7%, 3 U B TE 2 M 2 A1 B B, Ultra-DIA fig
fffy B I L 2 U R 1 A R, LR E B K B RN B el
5 BE . BLAh 72 BRBEKSF | Ultra-DIA 50 & 2R )
i 29 )& DIA-Umpire 5100 & 3L 3. 6 £i%, 76 85
K FIREN 2 8 5. AT WL Ultra-DIA BE W% & P &
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Fig. 5 Identification analysis results of

peptides (a) and proteins (b)
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K I, % DIA-Umpire 9 7 35 3 20 51 0 79. 4%
94. 0 %0, FHAS T3 PR 25 R A e b Tk, 33X Ui A 7 22 1
JZIK b, Ultra-DIA GE#% 5 Bl DIA-Umpire §) 8 £
g5, AT, Ultra-DIA 2l 3 & 310 KB AR 8
LK F DIA-Umpire, X 2645 DIA-Umpire Z 0% 8925 FH
W] BERRURT 2 2L B B (. Ultra-DIA & #3830
A RRBE AN 349 8 A AT LA & 5 17 DIA-Umpire H &
B 2 373 A RBLH 820 A H AT LAE i, Ultra-DIA &
Jk B S It DIA-Umpire £ 61. 4%, 78 1 M50
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Fig. 6 Quantification analysis results of

peptides (a) and proteins (b)
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Fig. 7 Peptide charge distribution
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Fig. 8 Protein signal intensity distribution
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Deep learning analysis for data-independent
acquisition mass spectrometry data

HE Qingzu' , ZHONG Chuangi*, LI Xiang',SHUAI Jianwei'*** , HAN Jiahuai**"
(1. College of Physical Science and Technology, Xiamen University, Xiamen 361005, China; 2. School of Life Sciences,
Xiamen University, Xiamen 361102, China; 3. National Institute for Data Science in Health and
Medicine, Xiamen University, Xiamen 361102, China)

Abstract: In recent years, data-independent acquisition (DIA) mass spectrometry techniques have received wide attention in
proteomics. However, DIA data are characterized with high dimensionality, large background noises, and mixing of multiple signals,
which further challenge the analysis of DIA data. In this work, an algorithm based on deep learning that can directly process DIA
mass spectrum data, namely Ultra-DIA, has been developed. It is combined with the deep variational auto-encoder and a variety of
machine learning algorithms to directly process DIA data and to extract the features of MS ion signals, so that fragment ions
generated by different peptides can be distinguished. Finally., Ultra-DIA generates pseudo-spectra to identify and quantify MS
peptides and proteins. For the test data, our algorithm has found 61. 4% more peptides and 64. 5% more proteins than the
mainstream algorithm of DIA-Umpire. In addition,our algorithm is capable of finding more proteins at low concentration compared to

the DIA-Umpire.
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