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Abstract

K+ and Na* are important electrolytes in organisms, which play a key role in maintaining cell os-
motic pressure balance, regulating nerve signaling, and participating in the regulation of enzy-
matic reactions. Accurate identification of K* and Na* binding sites in proteins is of great signifi-
cance for in-depth understanding of ion regulation mechanisms and the molecular basis of related
diseases. In this paper, the sequences of K* and Na* binding proteins were selected from the BioLiP
database, and the sequence redundancy was removed by CD-HIT. The sequence is divided into train-
ing and test sets according to a 5:1 ratio. Balance training data was the SMOTEENN algorithm, nine
types of features (PSSM, amino acid components, codon frequency, relative accessible surface area,
SASA-RASA, hydrophobicity, secondary structure, binding energy and graph energy) from three lev-
els (sequence, structure and energy information) were extracted, and seven machine learning algo-
rithms (Logistic Regression, SVM, KNN, Random Forest, Gradient Boosting, XGBoost, and LightGBM)
were used to build models and evaluate performance. The results showed that the single-feature
PSSM performed the best in the prediction of K+ and Na* binding sites, among which the Sn = 100%,
Sp = 85.3%, Acc = 85.6%, and AUC value reached 0.984, and the Sn = 100%, Sp = 86.5%, Acc = 86.6%,
and AUC value of Na* binding site prediction reached 0.978. In view of the advantages of the gradient
algorithm in processing nonlinear relationships and more efficient capture of feature interactions,
the optimal feature PSSM was used to fuse with 8 other features one by one under the LightGBM
algorithm, and the results showed that the prediction accuracy of K+ and Na* binding sites was im-
proved to a certain extent after feature fusion. At the same time, it is also found that using more
features does not yield better results, due to information redundancy among some features. So rea-
sonable feature selection and fusion strategies are very important for model optimization. This
study has certain biological significance for the functional elucidation of ion channel proteins and
the development of targeted drugs.
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1. 5|8

SRETEEMENS S ZME TS, HPaE 7 M T Na ) w4 B2 T, 17152
B RS S R R AR [1]. ARG R E TS0 R I RESEI R GRS, e
WUNIR LS5 A A mO0 TR AN B R B 5T D0 RE 3 T RPN B R 2], R4 msEie ik X 4t
2 R AT S AL SR B NMIR) SRS B ey, (H SO0 S0k . A vy ELXE DA SRR 5, TARLIE,
BT S TN T7 VEZ ORI IR [3]. RO 2 B T R AURRE, WE IR /) (AAC). HHY T
f AR (CUF) LA R AL B 54T 20 FEFE(PSSM)ZE, et PSSML PRI RE W 47 912 22 11 5 3 B IR BEAL R <7 VA5
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B2 R [4] [5]. BEEE A REWEIEIRR, BRARE BRI N T S5HRFIE, QAR ) A R AR
(rASA)FIVE AT J R EIAUSASA), FHTHERGE A A0 AU 25 () R R AR B S T el (6] i — D, FfbY
REEARIECANB K P G54 A8 EIRE )bl FH T 220 i R 226 [A) 1) R £ 06 R B LA 45 6 o P v A LA P AR
PE, I SR TR S 25 & X X 4 B8 )T TESEDT I, AR G pLES 5 2] U732 i 4 5] 9 (Logistic
Regression, LR)F1Z £ 1] & HL(Support Vector Machine, SVM)7E - A f 2 14 51 45 & (67 2 T ATF 72 A B2 ¢
%, (A2 BRI X R BOY O DL AR 7 RAE R AR R AR IE G R . IEAER, LA I B (BN 2k
#K Random Forest. /5% & 1 #4 Gradient Boosting AR Uit fE $2 F XGBoost [ 4% & H#2 T+ LightGBM) %
BTERFIERIARE 1 5zt tERe LRI, CBONE AR ThERS M TR 781 39 75 7]-[9]. thoh, £
REAIE R A SRR T P A 4 v TUIUDHS B2 sy ), B FE R A S R Re RS SR ETMAE R, G
FEANR B BAAR 25 G 0 s (22 SRR AIE, I 2 35 3R A B (R AR g e S P [10]. 2T BIRBF TR,
AL BioLiP 4 5 8BS (KD 58S T (Na) A Gl A A i R, FIFH CD-HIT T EXf P75
TURACEE, FE4% 5:1 BRI IS 5 MREE . FERFIERI I B, T FI. 2540 R fe i = A E TR IULR
FHAE, AUFEAL BRE R 2 H FE(PSSM). 445t AL A 77 (AAC). H 4% (CUF). BiKik. Bl
Aed. 25 G RE. AN ] SR T A (rASA) 5 25 & R I AURFIE(SASA-TASA) o NG FRFEARATHT 0], AR
F SMOTEENN J5 &0 YI R EE AT T AL BE o B S5, 43 il 2 TR LAS 5 o) S AR Bl VA L SCRFA L

KEAR[11]. BENLARAR[12]. BEEEFRTEM[13]. XGBoost [14]5 LightGBM [15])EEZ FUNAERY . S2a6 46 R 2%
B, PSSM HFFAFTE I 25 B 145 & o5 T h R IR A o ik — D IIRRIERL & AT 45 R R, ARSI, 45404
5 Re R IR R AE T B AR T TR FE S A AR A

2. R EE
2.1. BUBEERHIE

AIHETAE Biolip i FEIRIE A S K\ Na'WZ &AL a7 4[16]. Ak B2 HIRmK T, H
CD-HIT LEXF AT IR, IR P — 8 <30%MFFI[17]. X IXEe 551 (#4566 st A7 bRid,
% 5:1 WL P8 R Zp sk SAa s e, DL OBk B N85 &0 s BRGS0, oA 2 BUEE I, B
Hy g o A B RAARES S A R B 5 . BAKE R 1 Fos.

Table 1. Datasets of binding and non-binding sites
# 1. FEUSFIESS U KRS

H L e L 2 i MO A T4k £ R A R4
K* 382 376 24,180
Na* 478 475 37,588

2.2. BiRHTE

TE4 R B T 45 6 AL s TIAE 25, B SRR A AR TE B35 AP ) 3, BRI AREAR RS G A ) SR
E T IEREAREE GO R BTG, 43 REEE D In T2 5 ZBCER(FREA)RHE, A5 B0
PERE N B, JUHR 45 G AL R Rl A SO I I

AgiH, K'5 Na'@&83E 1 EAREARILEIZN 1:100, AT PHEACEE, RO T4 H
TERLE R o NERMRFEARN P 8, ASCIEIZRBY B Bl SMOTEENN (SMOTE + Edited Nearest Neigh-
bours) V& A KAF HEE X Y ZR AT P LA FE[ 18], Horf, SMOTE i 78 /> B A AR 2 8 4 2 A T AR
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A, R T AESS S AL RFIE A (8] s ENN 3 — D BRI S AL R e 5 S REA, $RTH U 2l
FES A 3. ZIRETNELGE 1R S JORFEMIL A, SRR e S 4y 3 27 3] 45 5 S ARG & L m A RF
fEZ 5

2.3. FHESHAVIER
2.3.1. |EBREST(AAC)

IR 7 W ER TR A1 R 20 AibR ik IR A LB, 2 e Atk K P SURFAE[ 191 AL RESR
AN R BRI AR S, SN A B R AR AL, ST

(M

Hobt, N (a) WESERS o, FIHBLAEL LA K.

2.3.2. Bk

IR TR (1 3R B /K M 2 TR R T A R, R M A S AR B R i S AR T . AR
Eidhammer %5 A\ $& HH IR B KM 2R IENI[20], 44 20 Bl ik 20k Bk B SR K 8Ost K RE PRIy 7S,
2 Fn. BAETRIFEK. TREIK. 996K $9EIK. AR . HARMMEAR/SH . ACRHANIEER
TP IR () 2H s LG R R BRRAIE

Table 2. Classification of amino acid hydrophobicity
2. RERFEHRKMESEE

SRR ALE IR SR FNF T
SR K P R R,D,E,N,Q,K,H Q
SREL K PR L, LV,AMF A
9975 7K BRI BR K I IR S,T,Y,W S
kR R « ¢
HEAR G G
IR P P

2.3.3. ZiEHE

S e SRR LR SO AAH AR R AR AR E 1, RUCES GIRE N E R . AT E AR
BB ) Xy TR PR HEAE T SRR B 0 A [21], KF DNA 75U F0R I IURZ T BR(A, C, G, TRy — 4k
frms: 4=(0,1), C=(-10), G=(10), T=(0,-1). it “Jri&” Jr:Ui% DNA 751 B (I 2
RV RL H5 BT RS B0 B &) o SRR B R 2 T30 7, AN EE IR 1~6 MY (A
IZAFER)AAD(61 MRS TR 20 FREUERR) . XA G IR 10 T 2600 T4 5 BRI HE 51 - 542 i
DNA F51, frE FIRT7 g i L R (s D BOR IR 3 15 5 B SN ) . B B RIS 1 i g Rk, 20
MEER GG T — IR, FITEMFR[22], ARSURKIE 20 FEUEEBR I e & X H 4 H XI5 5
R, W 3 PR, AT 5 FREFERRIZ2H 70 1 2 A RHIE ) &

2.3.4. EIREE

P fE i (Graph Energy)H] T 21 8 57 — 4 25 #4) h ik 2 TR DA EL AR PSR HE AR T$[23]o SiiuREs
IR i MEAERIL, M@meCer K, IR RS R 20 ME RN EERN
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FIREESIAE I, A SRR RER X [H)HF 20 Fha LRI 08 5 28, Wk 4 foR, BATIRYE 5 SRR 1
P RPERFAE RV B o 2SR RE R s 45 B A s 1) Y A S5 A AR E RO 90 4 DX

Table 3. Classification table of amino acid binding energy

3. REAREARES AR

Rl e X [A] (IR Ty
X, 4.0339~4.5491 C,E,Q,S,T
X, 4.6337~4.7079 D,H,V
X, 4.7973~5.0336 AL M,W
X, 5.1529~5.2015 F,N,R, Y
Xs 5.3044~5.4214 G,1,P,K

Table 4. Classification table of amino acid diagram energy

4. [EREREEN LR

Rl e X [A] (IR
X, 4.0339~4.5491 E,H,L,M,Q,V
X, 4.6337~4.7079 R
X; 4.7973~5.0336 F,G,K,N,P,Y
X, 5.1529~5.2015 I
Xs 3.9569~4.4722 A,C,D,S, T, W

2.3.5. BIETINZE(CUF)
T AR ZE R R [ U AR g b 7 H1 B R i [24] . AR RS 1048 FH 5 8 1 T R B IR AR
FE M LT K. & IR
Ni
N ()

total

CUF, =

Forb NS ANEIDTROIIRE, N, NED TS

2.3.6. (LERRMITHEEREPSSM)

7 B 4 P FT 43 FE % (position-specific score matrix, PSSM)&E s iR 85 [ 5 75 3 4 1 FE A % 45 58 TR 3 1)
LT, T AR S A R SRR VTG B R 57 A3 73 [25]. ARSCHIH T BLAST 2441
PSI-BLAST KX} swissport 48 FE AT H AT b, sARREGRE N 2, WIBERER 1e°, HiSHHR
BROMERAE B PSSM 30 o X F-6— 25 FP 81, A PSSM AR

P=44,---4
Al,l Al,2 cee AI,ZO

PPSSM = Az’l A?,z AZ;JO 3)
AL,I AL,Z cee AL,ZO

Hrb, A FOREAFPIIREE —DNEIERRIEE, 4, TR AR, DS, 4, & AT
G L ANEEEMR . PSSM N —> L x 20 HYFERE, Horp 20 FoR bl & RN EOE, L 2 EATUF KR,
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R ITR 4 Fom A EH j DNRIERRALNE | DRIy, G EBR U A A, 5
O3 BB R R R A A = 4]

2.3.7. —RERES
TR EE R IR R A R R X R R R A, B a-MRiE(Helix) B9 B (Sheet) M ML #H (Coil)
A SCIE T N T E PSIPRED 26 T &L BR 7 51 Tl — 2 £544[26], SRJE 115 3 PR M R HI 415y

2.3.8. XA RFREFR(RASA)

AT R F SASA (Solvent Accessible Surface Area)3R 7~ £ F i FR AN FE IR bk 5t 5% 52 72 v 77
PIZRTEAR, H L A2 N RAL[27]. HitEETEBE RN =S5 B AL, A SCEE T A AlphaFold2 Fitill 45
FJ[28], 15204655 A T4 phd SCF, K Biopython f) ShrakeRupley 5y 15453 &AL FE i1 771
AR . RASA 72 SASA SEIEIH— 0 J5 ol LA R R B R el Fefd v, AN

SASA,

RASA = 4
SASA,

Forh SASA, NES i MNRIEISEFR SASA 1, SASAmax NIZIRIETE 5E 2 B T2 RES T R BRI i K n] S R HIAR,
SERMEE W 5 TR, RASA HUETEREITE 0 2] 1 2 (8], {HBCRIRRIRIE MR .

Table 5. Values of solvent accessible surface area of amino acid

5. fEARATTREERE

TR MaxASA MR MaxASA
A 121 L 191
R 265 K 230
N 187 M 203
D 187 F 228
C 148 P 154
Q 214 S 143
E 214 T 163
G 97 w 264
H 216 Y 255
I 195 \Y% 165

2.3.9. ZEREFIFIE(SASA-RASA)

BTSN ZALT O BB X I, S XIS A A E P R R R A LT R, A
BT TR 45 529, ASCK SASA 5 RASA Hf ML A BB tERFE,  DAIR] i 21 i 4 5 52 75 & 5 4
TR, HAH

SASA-RASA = lzi":l SASA, + lz; RASA, )
n n
2.4. i8R

H i, S0 S A RE A 56 FH 1 77 V28 J ST 4G 56 (independent test) k-7 38 XA 56 (k-fold cross-validation
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test) [30]o ASCRH THIAGIE 5, FERA THLRS S ) Bk rRE R S R ITAL F8 bRl PR Al A5 28 f
fito 5 PG bR 70 2 ER R (Accuracy), DB HAH L R E(MCC), BUBE(Sn), Fr7tE(Sp), ROC HiZk

T HA(AUC).
Ace TP+TN ©)
TP+ TN +FP +FN
MCC = TPx TN —FPxFN e
ﬂW+WKH+HWHW$HHNHN)

Sy (®)

TP +FN

TN
Sp= 9
PN+ FP ©)

Hr, TP RIRIEFEATIEAFIECR, TN Fox AR TN IE# 80, FP RIRSERR AR IEREAR, H09Y
TN IEREA IR, FN FOREPRARTAREA, I8 AR $E . AUC (ROC-AUC)H T —
IrKIAE, ROC i 42 R PR A7 [ 5 2 (o] AR AL 738 7R, AUC & ROC #hZe R, i X /)
LR fE

3. ER5i1i8
3.1. FEBIRE

BT K'5 Na @5 &30 E A Ll Bk, AR SCR A SMOTEENN (SMOTE + Edited Nearest
Neighbours)iB A RAEHE M, XHNZRBEHHAT PR AL B o AHIF FUXS T 43 A0 AR F 3 BRFAE(U PSSM. —4
GERE L AN AT SR THA S RERFAE), SR BRAZ 4] SMOTEENN JjiZi(random_state =42), LATELRIFFE
AL FEPE ) [F] I 25 BRI A REAC . TN T 00 s BE AR Th O RHIE (T Bl e . 580 RE . /K. B0 AaZe A
HIEMH ), EVILRE R RINBINSE G 5 NEFE AR, F IR HECONIRT R SMOTE 24
(sampling_strategy = 0.4, k_neighbors =3), FF454 B RARIEE ¥ ENN (n_neighbors = 22) LA 5 %) 171 Fi
FITERREE . K1 R T Na/ K ZR4EAE SMOTEENN P47/ J& 1E i REA 5 EL I, ] P47 s
IESUEEREARBZE R K, TG IEAS T (0 o) 5L STl 4ok T A R T T AR (X 40 2l i AL e a

Iz 1y RIERE
F&raT i
wIERER » SR w EAE A w i
307, 1%

(a) K*
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ST )=
mIEHAR w fAREAR wiEHEAR » SRR
(b) Na*

Figure 1. Sample proportions of positive and negative set before and after SMOTEENN in Na*/K* training sets
1. Na"/K*illlZk &4 SMOTEENN A& Bi/5 IE 51 A L I &

3.2. TEREEO

ASCLL K Na'WIZ G005 55T I, DA ORI 256 A B4 G A s M T 3 B
KRS, 17, 19, 21 AN SEHRERHELS S0 S BHRE, T HBRE DR/ SRR 31,
ot ) —HRAE [ — 09, RS DR/NASS 174 19 A 20T e, S5 R 454 5 DIFNER,
FEAR B DR/ 19 BETE Nat il K4l & 07 sS 70 A v e de i, DRk w = 19 1 Ja SRR b 2 11 [ o o
FR/Ne B2 J@oR T &R RHE, EAFTE RIS 17 19 A 2D) T E AUC Fabr(E: Hihts
FRIIXT EE 4 SR AL 4 1K)«

K:AUC Na:AUC
0.8 0.75
0.78
0.76 0.7 /\
0.74
0.72 0.65
15 17 19 21 15 17 19 21

Figure 2. Comparison of AUC performance by different window

E 2. FEIE O AUC MEEELER

3.3. ARG AN RERTES

ASCHIH] WebLogo #E£k T HXS K5 Na' 45 & s S H BRSSO il 3 SIREAT 1 RSP PE i [31]
K3 5 4 70 R oR T8 T AN ES 145 5 A (a) S AR S A s (b) P A R ST PE 3 A 1 Lo

MK GG AL RI(E () AT, 551 F R AR I G IR 7 REE B vy P S v T o, i R
AEGRIFPIIRSTIE, ATRES THEERS G IRHNXE. BiA L, DEaM O or s D 23
B “ilige” AL, RO R R B R . S AL A (3 AL e 24
TR, PRI B N R IR AR E B T A e R b BRI . TEARG &0 (K 3(b)H, &AL
By RS S ERAC, AR IS, YIRS KA R AR R R, BT AE A T RE SRR
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LAEER

bits

>
F

(b)

Figure 3. Conservatism of K* binding sites/non-binding sites. (a) Conservatism of the K* binding site; (b) Conservation of the
K* non-binding site
LKHEENA/AEEES N ESRRTEN. () KEEMNARTE; b) KIEESAEMNRTHE

X Na' @5 G hr (18] 4(a)), Hrp DORFIREAAAE D] R, P EIEIE S\ DL G M H BUMR
HENX LR IL T B 5 Na B T IR E AR BAR ] o 5 KOAHEL, Na B 0R sy P g 58 4 b HLIR Emg s, Ui 9]
TR TS AL R AT A B TR I OR ST VEARFAE  AH T L, JES5 A AL R (15 4(b) & IR 73 A BN 4
TR R B RS X, AR AR EEUR. ZEPTE, KY5 Nat 4G An s BRI H B s it AL Or
SPUE, TGS A AL R TR, X IR, BTSRRI R AR RSt B SRR, JF
FEREAG IS R 52 BBR ZU R B R IS ) JUHR O 85 5 Bl S LA DX ) v DR s 1, 4RSI S XU
AT REA YRR TR S 45 B RS E VE ) T B A R
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(b)

Figure 4. Conservative of Na* binding sites/non-binding sites. (a) Conservatism of Na* binding sites; (b) Conservatism of Na*
non-binding sites
4. Na+tE SN s/ EE AN A RTES . () Na'EAM S HRTHE; b) NaJEEA M aRT S

3.4. BIFAETMLE R

TEAM T, RATAFF . G5t FIRE & = A FESE L 1 JLRAFAE: PSSM. ZAERRZE 7 . 00 1A |
AR AT B R AURASA) ZEAHFFIE(SASA-RASA). KRt E . Bkt “HEEM ML &R RA-ERPLE
OV BHEMIHLR). BENLRMRRE) BRI (GB). XGBoost(XB). LightGBM(LG). SCHFH) &
HLSVM)FI K HE 20 5L VE (KNN)X #1 B (KD FIAN B T~ (Nah &5 A AL mldhAT 7 i, S5k 6 5% 7
Fi7R o
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Table 6. Single-feature prediction results of K*

= 6. KB BHFEFUNEE R

Hik FHES AL Sn Sp Acc Mcc Auc
1 1.000 0.853 0.856 0.318 0.984

2 0.710 0.784 0.782 0.154 0.792

3 0.681 0.789 0.788 0.148 0.798

4 0.507 0.727 0.724 0.068 0.633

LR 5 0.739 0.460 0.464 0.052 0.490
6 0.725 0.630 0.631 0.095 0.706

7 0.754 0.540 0.543 0.076 0.693

8 0.493 0.647 0.645 0.038 0.559

9 0.725 0.658 0.659 0.104 0.740

1 0.917 0.924 0.924 0.401 0.975

2 0.130 0.948 0.934 0.045 0.690

3 0.203 0.925 0.913 0.063 0.699

4 0.377 0.863 0.854 0.089 0.627

SVM 5 0.551 0.534 0.534 0.022 0.569
6 0.580 0.604 0.603 0.049 0.620

7 0.638 0.659 0.659 0.081 0.701

8 0.362 0.638 0.633 0.000 0.475

9 0.667 0.680 0.680 0.096 0.668

1 0.500 0.981 0.971 0.398 0.968

2 0.116 0.988 0.973 0.116 0.751

3 0.145 0.984 0.969 0.124 0.711

4 0.391 0.739 0.733 0.039 0.634

LG 5 0.377 0.681 0.676 0.016 0.531
6 0.261 0.758 0.750 0.006 0.597

7 0.565 0.694 0.691 0.073 0.651

8 0.130 0.856 0.844 -0.005 0.498

9 0.362 0.750 0.743 0.033 0.603

1 0.972 0.850 0.852 0.305 0.971

2 0.145 0.987 0.972 0.138 0.710

XB 3 0.130 0.991 0.976 0.148 0.732
4 0.377 0.766 0.760 0.044 0.625

5 0.333 0.620 0.615 -0.012 0.532
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gk

6 0.304 0.725 0.718 0.008 0.573

7 0.565 0.691 0.689 0.072 0.646

8 0.174 0.821 0.810 —0.002 0.463

9 0.406 0.715 0.710 0.035 0.572

1 1.000 0.743 0.748 0.231 0.911

2 0.145 0.960 0.946 0.069 0.744

3 0.275 0.943 0.931 0.118 0.730

4 0.420 0.777 0.771 0.061 0.644

GB 5 0.406 0.698 0.693 0.029 0.564
6 0.420 0.762 0.757 0.056 0.651

7 0.565 0.670 0.668 0.065 0.630

8 0.217 0.855 0.845 0.027 0.549

9 0.420 0.771 0.765 0.059 0.659

1 0.444 0.942 0.932 0.215 0.917

2 0.000 1.000 0.982 —0.003 0.727

3 0.145 0.989 0.974 0.151 0.728

4 0.246 0.847 0.837 0.034 0.579

RF 5 0.565 0.580 0.579 0.038 0.533
6 0.333 0.696 0.689 0.008 0.528

7 0.478 0.723 0.719 0.058 0.613

8 0.174 0.736 0.727 —0.027 0.429

9 0.464 0.633 0.630 0.026 0.545

1 0.000 1.000 0.981 0.000 0.628

2 0.406 0.850 0.843 0.092 0.625

3 0.348 0.848 0.839 0.070 0.636

4 0.261 0.864 0.854 0.047 0.583

KNN 5 0.493 0.545 0.544 0.010 0.519
6 0.420 0.622 0.619 0.011 0.515

7 0.580 0.653 0.652 0.063 0.624

8 0.304 0.569 0.564 —0.033 0.436

9 0.464 0.580 0.578 0.011 0.526

E: R “LR” NZHEIAEEE, “LG” N LightGBM &%, “XB” N XGBoost #i%, “GB” N Gradient Boosting
BEIEARTIEME,  “RF” ABEHLARMEE, “17 HNpssm, “27 NEEMAS, “37 NBWTHE, “47 M
RRTEM, “57 N &M, “6” NEKlE, “77 JySASA-RASA, “8” NZi&HE, “9” NEAEE. Ko
AR R RAETIML R
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Table 7. Single-feature prediction results of Na*

7. Na'HYREFEFUNEE R

Rk FHIES 4L Sn Sp Acc Mcc Auc
1 1.000 0.865 0.866 0.246 0.978

2 0.512 0.798 0.795 0.081 0.729

3 0.451 0.802 0.798 0.067 0.723

4 0.720 0.740 0.740 0.110 0.758

LR 5 0.793 0.083 0.091 —0.047 0.424
6 0.610 0.663 0.663 0.061 0.677

7 0.768 0.587 0.589 0.076 0.760

8 0.146 0.852 0.844 -0.001 0.525

9 0.634 0.543 0.544 0.038 0.632

1 0.970 0.924 0.924 0.319 0.974

2 0.110 0.948 0.938 0.027 0.585

3 0.159 0.919 0.910 0.030 0.594

4 0.500 0.884 0.880 0.124 0.752

SVM 5 0.744 0.287 0.292 0.007 0.487
6 0.476 0.665 0.663 0.031 0.551

7 0.683 0.762 0.761 0.109 0.768

8 0.329 0.653 0.650 —0.004 0.505

9 0.585 0.518 0.518 0.022 0.589

1 0.606 0.956 0.953 0.258 0.955

2 0.024 0.992 0.981 0.020 0.630

3 0.024 0.985 0.974 0.008 0.612

4 0.488 0.751 0.742 0.062 0.640

LG 5 0.524 0.441 0.442 -0.007 0.488
6 0.159 0.834 0.827 -0.002 0.484

7 0.573 0.694 0.692 0.061 0.679

8 0.171 0.872 0.864 0.013 0.536

9 0.512 0.639 0.637 0.033 0.594

1 0.939 0.870 0.871 0.234 0.954

2 0.024 0.990 0.979 0.014 0.597

XB 3 0.037 0.989 0.978 0.025 0.587
4 0.488 0.751 0.748 0.058 0.646

5 0.585 0.411 0.413 -0.001 0.484
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gk

6 0.183 0.790 0.783 —0.007 0.477

7 0.524 0.705 0.703 0.053 0.665

8 0.244 0.818 0.811 0.017 0.530

9 0.537 0.586 0.586 0.026 0.591

1 0.970 0.826 0.828 0.206 0.933

2 0.037 0.982 0.972 0.015 0.672

3 0.146 0.961 0.952 0.058 0.662

4 0.415 0.788 0.784 0.052 0.635

GB 5 0.561 0.395 0.397 —0.009 0.469
6 0.195 0.877 0.869 0.023 0.566

7 0.598 0.710 0.709 0.071 0.702

8 0.134 0.914 0.906 0.018 0.516

9 0.402 0.723 0.719 0.029 0.602

1 0.364 0.946 0.940 0.133 0.905

2 0.000 1.000 0.988 —0.002 0.688

3 0.024 0.995 0.984 0.026 0.649

4 0.195 0.915 0.907 0.041 0.575

RF 5 0.598 0.373 0.376 —0.006 0.507
6 0.183 0.739 0.733 —0.019 0.495

7 0.439 0.760 0.757 0.049 0.616

8 0.244 0.716 0.711 —0.009 0.532

9 0.610 0.516 0.517 0.027 0.580

1 0.000 1.000 0.990 0.000 0.529

2 0.183 0.861 0.853 0.013 0.547

3 0.122 0.866 0.857 —0.004 0.508

4 0.183 0.922 0.914 0.041 0.580

KNN 5 0.488 0.529 0.529 0.004 0.510
6 0.317 0.669 0.665 —0.003 0.494

7 0.512 0.681 0.679 0.044 0.620

8 0.439 0.585 0.583 0.005 0.514

9 0.622 0.480 0.481 0.021 0.551

E: R “LR” NZHEIAEEE, “LG” N LightGBM &%, “XB” N XGBoost #i%, “GB” N Gradient Boosting
BEIEARTIEME,  “RF” ABEHLARMEE, “17 HNpssm, “27 NEEMAS, “37 NBWTHE, “47 M
RRTEM, “57 N &M, “6” NEKlE, “77 JySASA-RASA, “8” NZi&HE, “9” NEAEE. Ko
AR R RAETIML R
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MR RRAE , PSR TAEA R SR T PN R Bt e — Bk, B TR AR AR A B R
ARz E KSR BTN R, PSSM AF R IERUS S L TRIIAE B, g SR RO T oty
AEAIEE R o Nat g5 & AL P o 5 KA2RAL, B SRR (pssm) AR ILIR M, (E E 7048 b 1 £ 00 B e
T Ko IXRBIBEALOR 7 VE R R 2 1 125 5 A SR ok B O AR AR5 SRR e el T 5 o7 e B o 3t
WL REh #m L LR B PSSM AL RERS A AU X 1 Sl 5 S ARG & X (HAZ, PR T1E 5 S h AN AL
THRIAFE—EMER . ETHERTEIRIEAIAELIE ISR IR I BGR,  [F I X RFESE 4 4 B
R R R E N G, A SRR LightGBM St AT AR AL AL 5 73 #r o

3.5. FHERRS RITMEER

EEBETEAM T, B A R R GRS — R, mE 74—
H1 25 P R Bk (R s A S 2 AR o AR & AT E A2 2 T RS & AN AR IERFIE I ELAMB 2, AN 4R Tt
KRRz AR 7. DRI, 32 T oRDARAR PSSM RHIE A% O, 1EH LightGBM Hi%, X IURFHIERETIZ D
AE, AR 8 Mk 9 . BVARE, MERARHEREMIIN, SRR LTS, A
FINGER R SRFAE RS T S R AR . VRIS R AR, AUC 5 MCC 216 it .

Table 8. Feature fusion results of K*
= 8. KB ERL A 45 R

FRERL & Sn Sp Acc Auc Mcc

1 0.889 0.763 0.766 0.935 0.208

1+2 0.889 0.775 0.778 0.950 0.216

1+2+3 0.917 0.770 0.773 0.957 0.221
1+2+3+4 0.972 0.851 0.853 0.961 0.306
1+2+3+4+5 0.833 0.883 0.882 0.949 0.294
1+42+3+4+5+6 0.833 0.888 0.887 0.954 0.300
1+2+3+4+5+6+7 0.806 0.887 0.885 0.941 0.287
142+34+4+5+6+7+8 0.861 0.891 0.890 0.951 0.315
1+2+3+4+5+6+7+8+9 0.806 0.894 0.892 0.952 0.297

HE: B “1” FNpssm, “27 AFIERASy, “37 NEWFIEK, “4”7 A ERERE, “57 N _H4EH, “67
NBKYE,  “77 ) SASA-RASA, “8” N&E&RE, “9” NEEtE. NHHEIE R REHMER S G R ES

Table 9. Feature fusion results of Na*

9. Na HIFHERL & 45 R

FRE & Sn Sp Acc Auc Mcc

1 1.000 0.834 0.836 0.934 0.219

1+2 1.000 0.830 0.832 0.950 0.216

1+2+3 1.000 0.828 0.830 0.948 0.215
1+2+3+4 0.970 0.919 0.919 0.982 0.309
1+2+3+4+5 1.000 0.917 0.918 0.983 0.316
1+2+3+4+5+6 1.000 0.916 0.917 0.981 0.315
1+2+3+4+5+6+7 1.000 0.916 0.917 0.984 0.314
142+34+4+5+6+7+8 1.000 0.915 0.916 0.984 0.313
1+2+3+4+5+6+7+8+9 1.000 0.914 0.915 0.984 0.310

TE: R “17 Npssm, “27 NBIERA Y, “37 NEMTHE, “47 XA LRER, “57 ARG, ‘67
NERKYE,  “77 3 SASA-RASA,  “8” NZEGHE, “97 NEREE. MBI LR RHERL & S R LS R .
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X KEGSG AL s Tl AU AR AT A R HARFFES, AUC H 0.935 $27+ % 0.961, HhREREE
3, (ERLE B8 4 MEFERH(PSSM + AAC + CUF + RASA), iR BT & s (0.972) . 7EIZ Rl a
(3t A P R IR R A 2 R R 22 R AT« [, X6 1 Nat 85 A 07 s T, AR /E b & 228 5 MRFIE(PSSM,
REMRH 7y BRG TR AN AT R 45 i) i P RE A flL(AUC = 0.983, MCC =0.316), ZJ& M
NBEEACHFE (K PE. SASA-RASA. ZE&RE. KL E )R IERER- TRasE

IXUELE AR, RHERLG BRI TE — B fEE R AL SRR BAME B, BRAELR G
PEfRe S T AR T8 — R . (H2 B Z ARSI, AR IS BIUAR, 3 TS 1%
K. MUAFLIVREA & 5k B M REAR TH U R G

4. g

AICHET ZVFHIE S Z LA 22 S 508, B B (KRN ES T (Na) B R & A0 s T T R4
553 8r. %%, M BioLiP $E FE3REL K5 Nats &8 A 74, 4id CD-HIT % 704 G 1%t kil 4
GAEGMRE: WFF. 450 KaeE =2 LRI 9 4FiE. BEJS, KA SMOTEENN J7i% FHTAEA
I3AR, FERI BRI 2S5 5] (LR, SVM, KNN, RF, GB, XGBoost, Light GBM) 4 2 Filill 7Y , 45 R &8,
PSSM HRAETE W 2 B 745 & A s T SR IR A, W SRR T 3 — R AE,  BoR R F VEAS B AE
BN SRR EEER . R b, HE 25 DL PSSM OO TRFIERL S AT, AR EOR,
RlA 2 dERFAE BRE A AR T T Ve e, (HRAFAE AR I N R IR S Re Ay SR MERR IR T, B0 RFIE M A AE—
EASRIUAR, WMABLIREIERE SRl & SR BRI AL 2O B 4% LT, ASCHRH PONLAR 5 S Bk
SEA ZRFAETUMAE ZLRE 08 HOR AR . BN P A0, Nt DI U, B0 7 A O 0 25 e a5
WAL T USRS, WO BN, B TR AE AL T S AN E R R 4 S A i R R ) 4 AL
AT —de S,

E&WE

ExX BARIFEEGRT: 62262050).
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M F

Table Al. Values of graph energy and binding energy of 20 amino acids
= AL20 MERERNERSESENE

FIEIR Kl fE 4 ae
A 3.9569 5.0336
C 3.8253 4.4658
D 3.9568 4.6337
E 4.123 4.5491
F 5.099 5.2015
G 5.0575 5.3044
H 4.1144 4.7079
I 5.3749 54214
K 5.099 5.3334
L 4.1147 4.883
M 4.4722 4.7975
N 5.099 5.2015
P 5.0575 5.3044
Q 4.123 4.5491
R 4.6685 5.1529
S 3.3573 4.5236
T 3.6742 4.0339
\% 4.0372 4.6791
% 4.4722 4.7975
Y 5.099 5.2015
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