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Table 1 The Specific details of the benchmark dataset
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| n= n= ' |
! (602 positive / (83 positive / H lcCe3oe 1 oo e v | | [B]LSTM(hidden 64,1 al)]
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1 1 i 1
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! : 1l |
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i I 7 i i é o B E E Context vector (128-d) ]— P(BILSTM)
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(d) Branch 2: CNN + Transformer i% (e) Fixed-weight ensemble and evaluation i
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I I e
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Fig.1 Flowchart of the Cys—DHE model
(a) Data preparation. (b) Binary-weight encoding (BWE). (c) CNN-BiLSTM-Attention branch. (d) CNN-Transformer branch. (e) Fixed-weight

ensemble and performance evaluation.
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ek, [HEF5] A CNN-Transformer 73 32 X< 2 56
A B AN T8 . LA 0.5 VE M r 2B, 24 P>
0.5 I T Ay S-FR L AR 5, 75 I 03000 Sy A5 i
(A=
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FORIERELI it B — B A, A
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45 SR LR ARG O 4005 KURS: o 40 2K R EiCR
CrossEntropyLoss,

Table 2 The key hyperparameter settings.

Parameter Setting
Optimizer Adam
Learning rate 0.000 5
Batch size 64
Max epochs 100
Early stopping patience 15
Loss function CrossEntropyLoss

14 PR

Ry 4T PEA Cys-DHE X2 it & ik S-¥2 £ 34k
A7 SR B BE , AN SR FHHERR %8 (accuracy,
Ace) . B Pt (sensitivity, Sn) . 4F S 1k
(specificity, Sp) Hl th1& Wy A ¢ R %L (Matthews
correlation coefficient, MCC) 1~ ¥F # 45 #x -
MCCHeW LR % B IES] . AR AR IE FFE
T, FEZEHN A AN R S O N AT A BT
#ries . BARITHEAT

TP
S = Th EN )
TN
= IN + Fp ©)
e TP + TN o

S TP+ TN + FP+ FN
MCC =
TP x TN = FP x FN

(TP + FP)(TP + FN)(TN + FP)(TN + FN)

®)

Horbr, TP FRRIER TN S-¥R L HEAAL A I FEAS

o, TN IR B0 AR B AL R K

FP 7R bR B A B s AR A R, FNSRR
BRI A AR (L s AR AR

Br_Eaddabedl, A SCHE—2 2R AUROC Fi

AUPR VA BRI TE AN [] 23 26 B (B A 8 44540 1) fiE

Jio AUROC 75 3238 TAEFHEIN 2R (receiver
operating characteristic curve) | IHIFR, % HHZEH H
IE# (TPR) FRBAYESR (FPR) HL[FEIMIAL, wIf
WA X 7P IE SRR A I BARBE T . AUPR 37 K5
F-fERM LTI, HrR 3 (Precision)
A A (Recall) 43 At AR ASE AL 0 235 5 1) ] 5
PELL RS FHVEREA R B S5 BE ) B, AL AUROC,
AUPR W 1E A AS LU A A Y2 4687 1 5040 2 B fn e,
PRLHCTE £ 1 B i o s BOAT: 55 Th B B s 2%
Hirfe >

2 G R

2.1 ARFINEBTEREE

PEAGT T A 2R 7 200 Cys-DHE il 45 5 14 5
M), ASSCORRPE R 5 RS A —3K, 435k
BLOSUMG62, ESM-2. 142+
3mer Al BWE 17525 . BLOSUMG62 HRJE 42 B 5
P00 Pk BRI R R R 20 i) o, LK EE N
41 B FFFNIE I 4120 FRAEAE 4 o', ESM-2 5% F 1
Yl 2 A esm2 30 150MURS0D X J¥ 51) # 17 4
i, B FRILF AR R nEE R 640, Bl JE LT %
5501 (PCA) FEZ 204, FeARA55]41x20 H%IA
HERE BT ST kemer Gt , 1mer. 2mer F1 3mer 43
SR AN R B R sk B, IR A B 5
1) 20 A [ 2 e, PRSI A 4120 FFAFAR G
M 1+2+3mer WX = Fb RUEE (1) 20 4k RoR HEA TR G,
T AR FEAS 2] 4120 FEAEHEFE . BWE 20 4 — ¢
Yt 55T Cys HE B SR R AR, FTAS i
AHYEFEFIFE N 4120, B G —H A4EE, 7T LITE
ANBUE J5 B2 28 50 S S AR E T LU [F] G
75 A FRAERE ST o 25 Gt 5 AR R S50 T I 1L
AR LR 3,

A 6] 2 Ry = e 55 AU PE BB HL A I S R )
BWE 7E Sn. Sp. Acc. MCC. AUROC Fl AUPR I

Ilmer. 2mer. 3mer.

Table 3 Performance comparison of different position en-

coding methods on the train dataset

Methods Sn Sp Acc MCC AUROC AUPR
BLOSUM62 0.6412 0.8355 0.7384 0.4860 0.7997 0.8131
ESM-2 0.6262 0.7658 0.6960 0.3959 0.7470 0.768 5
Imer 0.6379 0.7890 0.7135 0.4319 0.7607 0.7819
2mer 0.6445 0.6146 0.6296 0.2593 0.6624 0.6195
3mer 0.4967 0.5083 0.5025 0.0050 0.4913 0.5100
0.6595 04967 0.5781 0.1583 0.5951 0.5850
0.6803 0.8427 0.7519 0.5262 0.8257 0.856 0

1+2-+3mer

BWE
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43 913k 3] 0.680 3. 0.842 7. 0.751 9. 0.526 2.
0.825 7F10.856 0, #&{AFK I fH1E. BLOSUMG62 (1)
PRgRZ, Hi AUROC 5 0.799 7. ESM-2 # Imer
A5 EA —E FI B Ee ST, 1M 2mer. 3mer A 1+2+3mer
B B R R BH i T [, T H: 3mer B9 MCC LRy
0.0050, AUROC }0.491 3, #EEBENLI KT,
SR, Al ORI il m kSR
BIFABETE 3k S-1R £ FAM AT 45 B9 a0 0 B e
fE. #HHZ T, BWE 5] AsRIEE Hul Cys 2
[ ATRE RS OC R, REAS T A AU 28 o 2R E B
PR AR SC e 2435 F BWE {24 Cys-DHE (9% A 4 it

I
22 AREEMENERNLER

SRy i — 2 U B XL A3 S [ A - R 1) AR
i, ASCEETUNGRAE FL AT 58 HEZ R, % CNN-
BiLSTM-Attention 1 CNN-Transformer >3 3 19
AN AEH G 4T T I8 . B CNN-BILSTM-
Attention 43 37 [ il 5 AL F & w,, CNN-Transformer
I3 S RA L R wy, TR R witw=10 BRI
O3 SCRERLAN | ARSCHE— 20 LUEE T wi/w, 73 5118 0.25/
0.75. 0.50/0.50 F10.75/0.25 f) = Filt [ 5 fai /5 7 %€
R MFE 4R

Table 4 Performance comparison of single—branch models and fixed—weight ensembles in five—fold cross—validation

Methods w, w, Sn Sp Acc Mmcc AUROC AUPR
CNN-BiLSTM-Attention 1.00 0.00 0.6756 0.846 2 0.7510 0.526 5 0.8253 0.8550
CNN-Transformer 0.00 1.00 0.670 6 0.8338 0.7451 0.505'1 0.809 0 0.840 8
Fixed ensemble 1 0.25 0.75 0.672 8 0.8310 0.745 5 0.5118 0.8177 0.8520
Fixed ensemble 2 0.50 0.50 0.678 0 0.8320 0.746 5 0.5157 0.8189 0.8526
Cys-DHE 0.75 0.25 0.680 3 0.842 7 0.751 9 0.526 2 0.8257 0.856 0

MEERATLIE Y, AR SRR AL A AN ] 1Y
PEREFE . . CNN-BiLSTM-Attention £ Sp Al MCC |-
435035 E) 0.846 2 F110.526 5, HeK LA T CNN-
Transformer, Wi HAE S FIE 55 b BA BFE Y H)
SIBE 71, CNN-Transformer £ SR B0 T 0014 B AH X
BAK, [HREAE M K B AK A R RN P
BiLSTM-Attention 4337 i il B

E=FEEA T RET, Hw=0.75. w,~=0.25
b, R B Sn=0.680 3. Acc=0.751 9. MCC=
0.526 2. AUROC=0.825 7 il AUPR=0.856 0, H.H,
Sn. Acc. AUROC Fl AUPR & T 7 AN Fh & L
B, MCCHLH10.511 8#10.515 74 E 2 0.526 2., #H
22, 4 Transformer 43 32 AL E $E 18 & 0.75 i+,
FARVEREA TR I, BEUITE S RT AU 254 CNN-
BiLSTM-Attention 43 3 i 7K #H1 E 2 AE T, 1
CNN-Transformer 7332 18 G AFE AN BoRIE

WO, 28 & A3 &8 X5 E g MCC,
AUROC. AUPR K328 fE, A Ui 2 CNN-
BiLSTM-Attention #1 CNN-Transformer F¥J [%] & il &5
RSB HR 0.75 F10.25, IZBEEAEPEE T4 358
AE WU EE S [RIES, 5] A Transformer 4332 [ K 2
W5 2., IIMTEZ PR Fabs Z [R5 R Y Ay
AP GE -

23 5EINBEIEEIILE
g it — 1A Cys-DHE By T g, AR SCAE

B vl 11l N S NS I 2 S < o
(support vector machine, SVM) ' Bfi Il £f #k
(random forest, RF) ", #umkhE T (eXtreme
Gradient Boosting, XGBoost) ' Fl%% 5 6 & $2 7+
L (Light  Gradient  Boosting  Machine,
LightGBM) “* #4704, SVM i i 14 g i K [R]f
3 AT SE B AR 43, RF 3 48 il Z BB AL
LR = ke M, XGBoost Al LightGBM M
J& T TR R AR R B 2 ik . Ry
BLYSR FHAR R ) BE S0 0 AP T ds . AORIESS SR
HAW PR, 28RS s,

Table 5 Comparison with common machine learning per-

formance on 5—fold cross validation

Methods Sn Sp Acc MCC AUROC AUPR
SVM 0.6512 0.6628 0.6570 03140 0.7091 0.7292
RF 0.6694 0.5963 0.6329 0.2665 0.6882 0.707 3
XGBoost  0.6296 0.6429 0.6362 0.2724 0.6810 0.6954
LightGBM 0.6113 0.6047 0.6080 0.2160 0.6572 0.660 1
Cys-DHE  0.6803 0.8427 0.7519 0.5262 0.8257 0.8560

Cys-DHE £ Sn, Sp. Acc. MCC., AUROC Fl
AUPR ST Fabn L35 5 BT LA AL Ge L 2
. MWZTE, 4FMEGHLAR S Ik SVM
BARFIIL, HH: Ace Al MCC 43 3L A 0.657 0
#10.314 0, 5 Cys-DHEA{7FA/E4 I B 22, RF &
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SRS 0.669 4 ) Sn, {H.Sp{V}0.596 3, aHHHX}
BT A 9 51 8 7 A 6 A R . XGBoost Fll
LightGBM MR MERERIFEK T Cys-DHE,
GOKRFE, BGNERT T  Sei E )
[ FAEEA T 4028, X 27 9 MR Rl
(] 58 O 2% 11%) 2 1] 6 J3 A A R o Cys-DHE i it
X5 SR BE W 20 Jm it . R SUfF BRI AR K
FAEA TR G AsE, DR AR R HER PR L 43 2AE G
DL Ze PN Fabn L 42 B T A A Tl i
(a) (b)

t-SNE of Raw BWE Features

t-SNE of BiLSTM-Attention Features Before Classifier

24 AEIMZEEHFRIEFE S 8E TRITIIE

Ryt AN ] X 4% 25 44 %) e SRR AIE (24 )
fi& 1, A SCR M -SNE X} Ji iy BWE 4#4E . CNN-
BiLSTM-Attention 73 37 £ { #1 CNN-Transformer 43
SRR T e n] AL . AR E 2 FroR, ARG
BWE F+1E A B A S B AC S TR 2,
KA Z MGz B W A, ULRHRI G SRt A B i H)
MREST AR

t-SNE of Transformer Features Before Classifier

Negative 40

2 g T L L 30
te o g Lo

ESNE 2

ESNE 2

e —— —————— —— S e S G —— ——
-20 -10 0 10 20 -&0 -&0 -40 -20 ° 20 40 €0 -60 —40 -20 0 20 40 60 80
+SHE 1 tENE1 LSNE 1

Fig. 2 Comparison of t—SNE visualizations between raw features and deep features extracted by different networks
(a) t-SNE projection of the raw BWE features. (b) t-SNE projection of the features extracted by the CNN-BiLSTM-Attention branch before the final

classifier. (c) t-SNE projection of the features extracted by the CNN-Transformer branch before the final classifier.

25 :1f CNN-BILSTM-Attention 43 32 2~ > J& , 1E
TREAR 25 18] 434 AR B AR AE . BHMEREAR 22 0]
AEMIDK IR, AR A T 22 4347 F s A i
X3, PSSREAS Z [ B A i B 40 B R i, X
VLIS SZRENS I i B A Xe] b SRR 1
I INAGHE — 25 £ BCHEAT 40 00 4 1 JR 35 B bR S
FHAE

CNN-Transformer 43 3¢ [F] £ 38 90 1 45058 1) A
HIAE S . S5IRIG BWERHEM L, PHEEREA T £
SR A K, FAPERE AR 32 B0 A7 AE A2 M A
W, PIRFEARR ISR B B WIS R AR,
Transformer 2 14 G857 45 B SR RFAIE 9 B 6t
— AR R B 2 A 4 R A B

CEREORFE , WA L% 4 HE I 25 3 R 4G BWE
FRRAE R AT 2, 0 FEIR J R AE 23 A A7 A B J 25
S, 3%Ah 253158 CNN-BILSTM-Attention A1 CNN-
Transformer 7& 45 1iF 2% > ML | BA — & B4,
1A S SR U3 S Al S AR AL T EDORARRE

2.5 Cys-DHES5IBES-#HRZE N S FiMERK
b %

ki — 5 B03iF Cys-DHE 7E 52 b 75l 37 5% vh 1y
PERE, ASCR IS I R SR £ 307 w1
A7 DLBWE-Cys ' 720 37 M4 1 #E AT 8%
(#6). Cys-DHE 7E Sp. Acc 1 MCC ¥t F
DLBWE-Cys, H:H1, SpH10.853 04 % 0.915 7,
Acc 110.844 53753 0.896 0, MCC H10.437 745
% 0.508 8, 3% Ui W] Cys-DHE 7r B AR AR FH 4 T )
PEFFELR AR LA S5 1F SRR ARZE B 0
J175 HHAT IR

HikRIE, Rit—2 B Cys-DHE 78 A
2SI T AR PERE, ASCZ T Szt
) PRITZE AN ROC 4, WE 3 7R, Cys-DHE
) AUROC 55 0.865 4, ROC {13 A1 5 2 T Fifi
ML ISR, R EA BEAF I IE SREAR X
Ae 1. 5 R MR IE | SUREARK L 55k
83 F11830, J&illorAn B WA, [Ht PR £ hE
i T T e o WA TR X A B B A A A TR
Cys-DHE ) AUPR 7 0.485 2, B % /& Tty PR REAS
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FE AP e 2 (A B ML L2 0.090 9, T3 FH AR AR 7 S 1) R

VA5 25 A TR AT B AT B Y B PR AR R R AU

fEJI.

Table 6 Comparison with Other Existing Advanced Mod-
els on the Test Dataset

Predictor model ~ Sn Sp Acc  MCC AUROC AUPR
DLBWE-Cys 1 0.759 0 0.853 0 0.8445 0.4377 0.8712 0.490 9

Cys-DHE 0.6988 0.9157 0.896 0 0.508 8 0.8654 0.4852

M7 A FREA A R, BIPERE A R
WD 22 T IHMEAEAS DRSO B PR 7 et ) 1R e
J6 BRI 25 352 # K . Cys-DHE B 0.915
71 Sp, # DLBWE-Cys 427t T 6.27%, M H.fE
5 A SO HERRAE S-BR 43k A, DR
PRSI SIEFERT, MCCHRTFZE 0.508 8, PiHHX
FRPERESE T IF AR BRI T2 o A i ), i EAR
RUBEAR I — AT ) 2l

Cys-DHE ] AUROC 4 0.865 4, 5 DLBWE-
Cys [ 0.871 2 5 M $523L, AUPR %3514 0.485 2 Fll
0.490 9, & 2R/, SnJiiH, Cys-DHE h
0.698 8, i T DLBWE-Cys [10.759 0, %X %M Cys-
DHE 7 £ 12 ¢ 5 1 R A HERA P (4 [ A, X B P

(a)

Precision-Recall Curve of Cys-DHE on the Independent Test Set

FEARTUN e I AFAE— AU o (HEZR G Acc FIMCC
EFaARoR A . Cys-DHE 7E 24 1if JE ) AN - Al 14 4
ST EINESE LR AR

Cys-DHE 7£ #4348 b5 b i M BE vle 38 vl fig 5 1
XG5 3¢ 5 R R AIE 27 ) SR A5G . CNN-BILSTM-
Attention 73 3 REAEHE IR 87 5151 S own) 1T 3¢
WM, CNN-Transformer 73 3 it — Db S AN R 7
Z AR RIS B o W e AR, A
[F) S22 UK B4 3 2 A TN B B S B H AR, DT RAIR
K EER P FRAERIR . A nriddmid =, H$
AR R SR A R, W LAE ) Cys-DHE 7£
PREFER AR T R T A BERN - S 2 T T Sy )
A I UER RS, R B iz 4k
AE RN SZR R Y T o
2.6 FEBCysARSFIIBEE 5T

Sy e — 5 A s Cys JE 0 JR 5 e 51 RRAE
FHH LT 5 R Cys 2H BUSCHAR R A 277
5 SR OHAREAF AT, A HIETHE 41
aa JEAI G 11 (FPuts Cys SALBIMI4% 20 15838 ) .
L Cys Bifll£10 FRIEFNLS N FRILTIFIN, Giitbk
Hls Cys ANHHAt Cys BRIEM BB B0, I Hede B
HMMEAZRIM2ZER (R7, K4),

(b)

ROC Curve of Cys-DHE on the Independent Test Set

1.0 1.1
—— Cys-DHE (AUPR = 0.4852)
—-=-- Positive baseline (0.0909)
0.8 4
]
=
©
- o 0.6
S g
0 =
(9] "
o &
a
o 0.4
2
'_
0.2 1
= Cys-DHE (AUROC = 0.8654)
=== Random
0.0 T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall False Positive Rate

Fig.3 Performance curves of Cys—DHE on the independent test set

(a) Precision-recall curve. (b) Receiver operating characteristic curve.

EINGET, LISE# 41 aa F90 8 R4 TE
FEI AT, 60.63% 1% BH P A A F A7 7 220 1 A% Ak

Cys, TFAMEEEARFAG L HI R 31.40%, P4 2555 H
B8t L (OR=3.365, P=2.10x10"2%), 44}
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Table 7 Local cysteine enrichment around the central Cys in the training and independent test sets

Dataset Local Cys defi- Positive with  Positive Positive Negative with Negative Negative Odds ratio (posi- Fisher exact
nition nearby Cys total rate/% nearby Cys total rate/% tive vs negative) P
Training 41-aa window 365 602 60.63 189 602 31.40 3.365 2.10x10° %
Training +10 residues 259 602 43.02 82 602 13.62 4.788 1.94x107%°
Training +5 residues 161 602 26.74 46 602 7.64 4.413 4.98x10°"
Independent test ~ 41-aa window 43 83 51.81 328 830 39.52 1.645 3.47x1072
Independent test ~ +10 residues 33 83 39.76 170 830 20.48 2.562 1.50x10°*
Independent test +5 residues 23 83 27.71 80 830 9.64 3.594 1.05%10°°
(a) (b)

Local cysteine enrichment in the independent test set

Nearest additional Cys in the independent test set

60 -

51.8%

v
o

39.8%

~ w B
o o o
L L

Samples with additional Cys (%)

—
o
L

+10 residues
Local sequence region around the central Cys

41-aa window

BN Positive
. Negative

+5 residues

~N
Eag
(=]

Mann-Whitney P = 1.35x10-*

o -
o ~
=] n

-
g
n

o ™
=} n
!

>
o]

Distance to nearest additional Cys (residues)
)
o

Positive Negative

Site class

Fig. 4 Local cysteine enrichment and distance to the nearest additional Cys in the independent test set

(a) Proportion of samples containing at least one additional Cys within different local sequence regions around the central Cys. (b) Sequence distance

from the central Cys to the nearest additional Cys in samples containing at least one additional Cys. The difference between positive and negative

samples was evaluated using the Mann-Whitney U test.

By 4a /N ot Cys P10 Fnes 3R, BH
PEFE A o A7 7 HoA Cys B9 HE 51 43 531 A 43.02% Fil
26.74%, ¥ T BPEREAS H 1Y 13.62% Fl 7.64%,
XFIN OR 4391 4.788 #14.413, %R HAS 1%
=9

AR A S A AT SR REAE M B . 58
A1 aaPHIE O, FHYEREAS AR RS Cys 1)
L5 51.81%, & T B AF A 19 39.52% (OR=
1.645, P=0.034 7). fE£10/RILJEEIA, BHMEA
[P A A o g L5149 5310 R 39.76% F120.48% (OR=
2,562, P=1.50x10"*), TE+5ERETEHEN, P
FeAG 43 R 27.71% F19.64% (OR=3.594, P=1.05x
10°), Kdaik—EEH W B, EAR R FE
BN, BAPEREAS FRARIT Cys (A H 30 HE 451 2 5 T I e
AR

Ry itk — 5 Al Cys H s DCyle‘EﬂE"JﬁE
KFR, ACAETERE 41 aa FHNE O NIEEZE D 14

AR Cys Byl MAFEA R IE S Cys 5
Hul Cys Z [AI ) — 27 51 S . Horb PHM4 A
3L 43 T 328 MFEA . tnIE 4b f s, BHPE
FEA R A A1 Cys B BE 2 AL 520 5 5k 3
M EPEREA 22 10 158 5L, Mann - Whitney U 5
g WoR WA 22 R BEA G R L (P=1.35%107%)
245 R, SPIMREAMLL, SR OFALIHYEN:
SRR E A Cys AN IR T 5, 1 HAE—2%
JF 1 b B ) T4 A AR SR 0 Cys B &

i Lakgh R, AR Cys 41 S HAR X FHue
A A5 7 5] I 23 TT BEAS B S-1R & S AR G757
AR —&R5r . T Cys-DHE RH LAl Cys
BB E K86 1, HHlid BWE 5] AL ERGE,
PRLHASE AR AT R FHAX S Jmy R 2 1 A R B A DA
B FFERIEAE, —ZUrs) EreRiE e
AR HEARRE T =2 P 2RI, WARE
P HNRr AR . L, T A 81 2
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T AN FEUESE , AR B s i s — mi SRS &
FERIE
2.7 Cys-DHEZEZWNF &

S 7 B RIESE N 5L A# ] Cys-DHE JF J& 2f i 2 ik
SR L HEANT ST, A SCHE T RCE Y FEZR S
Fa (K5, Hiyjh bk A http: //www.lzzzlab.
top/Cys-DHE/., V-5 LAk Cys-DHE#H A% 0, BT
G . FEIE G . BRSSO A B SE
— S, P IO E AR Has 1T PR R AT 5E AR
T

B BT AR AS . T AT R

Cys-DHE Server

Welcome to Cys-DHE Server

FASTA #% 20 AR 0N 751, $258 )5 R 48 H 858
BT 51 Ak B AT R0, I R I 2k 58 B
Cys-DHE #1531 e Jok 2 19 107 s, i) T ABE %%
T 5E 5, U R R R S A A7 5 A B A 2 2
J, AT P PR I R Y SR 23R A o

R RRARAS AL T I, - 75 [ A 3 ARfd
YL, Xt ARG, RS sS  as R atkAT
ULHA . AR R FEZR IR 55, Cys-DHE fig
W B R — Y R E LR E, h
e IR S-FR 3 A M 1 A7 1 B4 DR O 20 D i
S IE AR I E A

Tutorial Cys-DHE Server

Cysteine S-carboxyethylation is an important protein post-translational modification closely associated with protein

functional regulation and related disease processes. This is the Cys-DHE Server, a dual-branch heterogeneous deep

ensemble model for cysteine 5-Carboxyethylation site prediction.

Prediction by inputting sequences:

Please enter the protein sequences in the box below.

Prediction by uploading files:

Job Submission

= Example
WNNWVRYGHSLALYKDKIYMYGGKIDS TGN

Program name:

[ Please enter your project name

Email:

{ Please enter your email address

Protein file

Protein Sequences (FASTA format):

[ L

Submit Sequences Reset Sequences

Notice:

Submit Reset

+ Enter the sequences of the query proteins in FASTA farmat (example).

« The number of pratein sequences submitted each time is limited to 5 when using the function "Prediction by input sequence".

= Ifyou need to submit quantities of protein sequences at once, you can use the function "Prediction by uploading files" . More

info...

Xin Lab:Bioinformatics Team (¥in Lah)

ontact: jci_wx@163.com

Fig. 5 Screenshot of the Cys—DHE web server homepage
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Abstract Objective Cysteine S-carboxyethylation is a recently identified post-translational modification with
potential biological relevance, but its experimental identification is costly and time-consuming. Existing
computational approaches mainly rely on sequence information and may not fully exploit positional differences
around the central cysteine or the complementary representation capabilities of heterogeneous neural networks.
This study aimed to develop an effective sequence-based model for prioritizing potential cysteine S-
carboxyethylation sites. Methods We developed Cys-DHE, a dual-branch heterogeneous deep ensemble model
for cysteine S-carboxyethylation site prediction. The benchmark dataset contained 1 204 training samples,
including 602 positive and 602 negative samples, and an independent test set containing 913 samples, including
83 positive and 830 negative samples. Each sample was represented by a 41-aa sequence window centered on the
target Cys. Binary-weight encoding (BWE) was used to combine amino-acid identity with a distance-dependent
weighting mechanism, thereby emphasizing residues closer to the central site. The resulting 41x20 feature matrix
was simultaneously input into two complementary branches: CNN-BiLSTM-Attention for extracting local
patterns and bidirectional contextual dependencies, and CNN-Transformer for modeling cross-position
interactions and long-range dependencies. The prediction probabilities of the two branches were integrated using
fixed weights of 0.75 and 0.25, respectively, determined according to five-fold cross-validation results on the
training set. Model performance was evaluated using sensitivity (Sn), specificity (Sp), accuracy (Acc), Matthews
correlation coefficient (MCC), AUROC, and AUPR, and was further compared with individual branches and
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conventional machine-learning methods. Results In five-fold cross-validation, Cys-DHE achieved Sn, Sp, Acc,
MCC, AUROC, and AUPR values of 0.680 3, 0.842 7, 0.751 9, 0.526 2, 0.825 7, and 0.856 0, respectively.
Compared with the individual branches, the fixed-weight ensemble improved Sn, Acc, AUROC, and AUPR,
indicating complementary information between the two network architectures. Cys-DHE also outperformed SVM,
RF, XGBoost, and LightGBM across the evaluated metrics under the same cross-validation setting. On the
independent test set, Cys-DHE achieved an Acc of 89.60%, Sn of 69.88%, Sp of 91.57%, MCC of 0.508 8,
AUROC of 0.865 4, and AUPR of 0.485 2. Compared with DLBWE-Cys, Cys-DHE showed higher Sp, Acc, and
MCC, although Sn, AUROC, and AUPR were slightly lower. Additional local Cys analysis showed that positive
sites were more frequently accompanied by additional Cys residues in their local sequence neighborhoods.
Among samples containing an additional Cys within the 41-aa window, the median distance from the central Cys
to the nearest additional Cys was approximately 5 residues in positive samples and 10 residues in negative
samples, with a significant difference (P=1.35x10"4). Conclusion Cys-DHE effectively integrates position-
aware sequence encoding with complementary heterogeneous deep-learning architectures and provides balanced
performance for cysteine S-carboxyethylation site prediction. The model is intended as a sequence-based
candidate prioritization tool for narrowing potential modification sites before subsequent structural analysis and
experimental validation. Sequence proximity should not be interpreted as direct evidence of three-dimensional
spatial proximity or disulfide-bond formation. Future work will incorporate structural descriptors, solvent
accessibility, spatial neighborhood information, and reliable disulfide-bond annotations, while expanding
experimentally validated datasets to further improve model robustness, interpretability, and generalization across
proteins. An online prediction server is available athttp://www.lzzzlab.top/Cys-DHE/.

Key words cysteine S-carboxyethylation, protein post-translational modification, deep learning, heterogeneous
ensemble, binary-weight encoding
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