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Abstract

Protein-ligand interactions play an important role in the pathogenesis of diseases. Many proteins
perform their functions by binding to specific ligands, and the binding of protein-metal-ion ligands
plays an important role in the realization of protein functions. Identifying which residues in the
protein interact with metal-ion ligands can help researchers understand the molecular mechan-
ism of protein-metal ion interaction, and it is important for human health and precision medicine.
In this paper, we study the binding of disease-associated proteins to three metal ion ligands based
on the machine learning algorithm. We extract three sequence features: position-specific scoring
Matrix (PSSM), amino acid component information, dipeptide component. Then, the random forest
algorithm and the support vector machine algorithm were used to establish the classification
model of the three metal ion ligand-binding residues. Finally, the highest accuracy (Acc) was 87%
for the Zn2+binding residues in the feature fusion, the highest Accuracy (Acc) of Mg2* binding re-
sidues was 70%, and that of CaZ* binding residues was 70%. These results show that our model
has the ability to identify the binding residues of three metal ion ligands.
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1. 5|

R T 5 O (A LA FH AT b gt S8 e B R A B PR 0 R A ELAE SR SR, K ek
PEFR A ER R AR BARE R AL S TR A ShRERISE I B AT SEAARA EAEA, mxHhEARS 4R
B EARMS A RIFEREZENAEY IR, HAEARSEES FRARSE Ak, WERE S
BN, R TR A FLAE R, R IR ) 25 D SR S5 AH DG T 0T EL A B S ) R A R S

HAET, W00 &8 B RO L & AR IE AT 7 KE R T TAE[1]. 2004 4F, Sodhi %5 A[21FIH T
FIRRIE, 256 N T2 M4 (Artificial neural network, ANN) 5%, 1 5 28 XK IR T Zn?. Fe¥*. Ca?" 24t ik
&UREFE(Accuracy, Acc)iSE [ 94.5%. 2006 4 Lin 55 A[312E T /7 71 B BRALRFERT 10 FRECARLS & R IL AT
WA, SCFEA L (Support Vector Machine, SVM)SE T, TILEAS EEA R T 74.9%0A 1. 2016 4 Jiang 45
ANAETEAFRKFIEE, FIAGREMGEHIEN Ca Ttk i4h & 7 BT T, 5 28 XA F 13
FI RTINS FE N 75.0%. 2017 4F Cao %5 A[5]%F BioLip ##f = i) Fe?*. Fe®*. Co®*%% 10 Mé )@ B Tl
PRI S5 A R AT FONRA, B P 52 S Rp RS & SYM 5%, 5 XS N MCC {34143 0.5 LA |,
NG EEY T 74.8%. 2020 4, Liu 58 A[6] 8 H M MAE NS84 & N ARk (Random Forest, RF) &%,
XF 10 FES T4 A AR ILFEAT TR, SR T 77%, MCC s T 0.55. 2021 4, Wang %5 A[7] H fe B4
IESHEE G BN, X 10 FiES 725 G A EEAT TN, A7 A58 fe FERE FEAE & T 92.5%. 25 LAl
®, HFREARSSEERE TRAMLS G CEIT T KEMTTR, 4T —Sar sl HH /7w
KA —Fh A NI BT VR R4 8 BRI A DG B AR 5 &R B RO S5 B A i o AR T il 156
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NSRRI AR SR R A B A, IR R LS5 45 2R biolip $iis 2 [8], #ar | 5 =FiE)m & 14h
EIREE AR, TR, RARECT AR PSSM HHAE. EIERRA /MRFIE, AKZH MR,
I8 I BEALAR PR S [ AL R =R i T IO MR 2 5 R AL REAT T, AT 1 B O 25

2. M5
2.1 BiE&

2.1.1. BURERIE

A HT Uniprot 38 ZE[9] R B, IR T =BT (O AT « MZIBAT MR . JEE) AR 55
I, SRJ5FIF Biolip R ZE[8], FAFIX =RPMAE 5 = FMEJE S T Cca®. Mg*. Zn® Tkl
ARG R, JEFIIRAR LG A . AU ARERSE, AT FIAT T g, E AR
FIKBEARJE 50 NMRIERR . H =M Ui KT 3 A, LURFH— Bk E T 30% & M i k. )53
Shh &R B TR S SO R AL AR, BIfER 1 R

Table 1. Datasets of three metal ion ligands

#1 ZMERBTRARES

Ligands Chains P N

Zn** 305 1699 83,828

Mg?* 245 1079 88,774

Ca?* 184 1305 62,590
Notes: Chains /854 8B TEAL G MEAREL: P XrE&BE TN GHRELE: N RRESES ik
(UE[FEREE; 826

2.1.2. TREHIREHLIE

ST RS I (P) BRI /N T R (N), 7™ 2 B R i A 7 T 3 PR —— PO PR 4 5 A T
Db, hyalt G AP A B R T RE 52, SRAT RICBENLRAE B T-BL, AR IRSS & 0 mi M £ v
BEHLIEHEL T 5 IR SRR AR S (P 51 B E v 68 s A TR R TIN 45 SR RL 4, JRATHEAT T RFER
Boe 2445 SR NP (BUES) IR LI 265 SR 1) P34

2.2. $HESHAYEE

2.2.1. (i ERFRMITOREM

7 B 5 4T 40 %6 4 (Position-Specific Score Matrix, PSSM) A DL Sz i 85 (9 )it i 41)_E SN G L 1R (1) i3k Ak,
TRSFE 8o AN ERIVCA, M E AR AL SOE 2 — S (RSP R, A S h A 138 7 PSSM
VENERIE S50 BATE SE R BLAST #4H 87 1) PSI-BLAST 4% 2 Uniref90 3 17 sk 4= il PSSM S0 14,
BARKE A 3, WIEE{H N 0.001, H'eSHEIRABRME. W& —%EAFTH P KL, H PSSM

AR NI N
P=AAA A W
Ai,l A1,2 A1,20
Possm = A21 Azz Az:,zo (2
AL,l AL,Z AL,ZO
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Horp A RREATTIIRRE AN, A RRE AR, DI, A RRE L AR
2. PSSM 24— L x 20 (FERE, Mo 20 ZoRpriE R LR, L IZE ABUPIIRKE, BT ITR A R
INTAEE ] AN RRER RS N | ANEIERIAR 7, 15 K U ME R RN, 1555 (B S R R R
o
2.2.2. EEBRESY

AL 20 Fha B 4H 73 (Amino acids composition, AAC) & BA/E NERES &, S THIEET i+
FIFRATAT LRI FH 20 Fha LR ok R

A=[ALA A Ay @)
ai 1 = cee
A S (i=12,3,20) (4)

2.2.3. ZRk#ES
AR ER ) 400 Ff ik 4143 (Dipeptide composition, DC){ BN AHFAES &, 5T Hdi 42 0 (15 51 3]
AT LARI A 20 Fhad B FR 2 ik R -

DC =[DC,,DC,,DC,,,DC,p,] ©)
DC, .
DC‘:ZDQ (i=1,2,3,---,400) (6)
2.3. ®3k
231 BESH

75 Z 5 Hr(Analysis of Variance, faifk ANOVA) XN “F K467 5k “Z8 FE0 47 [10], XFh5iEHE
FF A B A~ UL EREAR B B B E AR . RO DEH BRI 200, AT HEZ AR5
(12 2 22

MS, = MS; +MS,, U]

Hrp MS;RRFE BT, MSgREBALE YT, MSWIREL N . GitMa F {E UL )5 FZ W7 Kt
8, N7 HBRRNS AR R T AR, FAERTHEDARB)ER
MS,
F_Mg— (8)
F AR Al W A R 2 ) 22 5 U I 3, 4 22 000N gl U W ARG RO RS P e v o — MR F BB, P {E RN o
gt Ele, — Y P {E/NT 0.05 B, AJRARSAREARRAEES, 2 P E/MT 0.01 B, WA
AREARZ AfFAEE R FENZER . A XH AT ENHN =& RS TR G SR IEA IR SR LT T
IR AT R BB Z R B ERHT

2.3.2. FEMLARMEE(RF)

e A% FR(Random Forest, fii#i RF)%{%:/& Leo Breiman 7 2001 FE42 H (1) —Fh 20 2K P AL [11], A&
VP2 BRI B AR LA T R, — BRI e — A0 J5a%, B IR g R Skdue . BN
BA SR RAGIR 2 99 0 SR — MR AR . BENLARMR SR R — il id B BhE R R IE 2N 7 K38 1
WA A [12]. BB ARSI AR NSRRI RET 7030, IXFERT DL /IME S AR 5 S 2 (A1 R AH DG,
MR 7 RREFE, BT ABEN AR AR B Sl V2 M S 31 43288 DA AR R0 &5 o) /i e [13] [14]
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BENLARMAE I EZ S, — A2 AR R SR AT sSUAL 73 222 ) P ide FH PRk 6 SR AR 2 80 A H m,
T A e BEHLARA b D S O BREL k (k = 500) . FHBEALARAR 733 85008 B B0 HEAT 000 5 70 98, #5823
KA AT, e HBEEETRE R R . FENLARMIE I RN AU LR FRAE AT 703, X
AT DAs /MG SRR B 2 T A DG, B 0 Rk i . BENLARMR EEA S L FERL G ISR . 28
RO WAR =y, T H AR PUR AL B A K, [FI 7 ZR B S b, BESE A Rl T H R AN R AE
SR EH L
2.3.3. XFEEHL(SVM)

S eI EAL(Support Vector Machine, f#% SVM)J & H1 Vapink 55 ATE 1995 4F Fri th i) —Fp 5k TG it
S INLER 2 D) B, B R SR AR e SCTERFAE 25 18] b (1) (R B fe R AL ZR 1 73 2588 . SVM 7275 4Tk Y 11
T RMZ K S R HAA RH[15] 7E SVM H, BE 2 A ek BRI 2R VAN T 40 PR S R B
drzElarh, AHAF AN ] 73 O EAR AR AR Ze W] 4y o d5 i 8 I S 0 A SRV SR A B0 2 1) L AT D B e K ) 4
BT . ASSCEREL T A% ) R % B (Radial Basis Function, fEiFF RBF)SRIZAR, @it &K% Lin
Chih-Jen JT % {1 LIBSVM3.21 ¥ fHu[16], 8T HNHKISHE, KELIURIES B S LA AT
2.4. VN IBHR

B AT, 000 1 B AR 56 W R B U7 ik 32 A T A 56 (independent test) AT K- 22 A 56 (K-fold
cross-validation test). AR 5 4738 Xkwde, BRI EARLERNL N 5 NFEE, IKIRMREUHE — T4
PERMEASE, TR RIRI 4 MR WERNIZE, i —IL0E30 5 K.

X TATART FR0I S A B FI VRO, 32 B ORAIE 2% P 50 REoxod S T R — B 9 S KB e A o ) PR fe .
AR T WAL FE bR R PP AR R i MEBE, A 0 FE (Precision, Pre). 7 [l (Recall, Rec). Tl A
(Accuracy, Acc). L1z AH % & % (Mathews correlation coefficient, Mcc), & XAnF.

TP

Pre = 9
TP+FP ®)
ec = L (10)
TP+FEN

Acc— TP+TN 1)

TP+FN+TN+FP

TPxTN)—(FPxFN
Mcc = (TPxTN)-(FPxFN) (12)

JTP+FN)x(TN+FN)x(TP+FP)x (TN +FP)

3. B/ER5WL
31 HGEBRESEEARELEERIHNERMEIN

KRG T &R BT 2™, Mg?, Ca & hkHE 4 AR IEAL I 20 FRE SRR A, HRIF 7 %
AT, AF(T)~@)X =G JE B T EAR R4S A R IR S AR AR IR M E IR I AT T ER R B RE
I HT, GERINE 2 iR, Ca* G Akt SR SR IE 0 B35 E RINE A 16 1, 52 2L A,
C. D. E. G. I. H. K. Ly Nu Q. Py Ry S, V; £ ZNZZE koL 4RSS S AR IE A A 10 3 22 I a0t
B 134, DRIREER A C. Ev Hy 1L Ko Ly N. Q. R S, T, V; 7E MgZ 45 kIt SIE4E & 5%
R BFEERNEAERE 9, HHEEIR D, E. G. H. K. L. P. Q. R. A/ L=F&BE T
SEA AL SRS BRI A S B TR IR 0 A R R 2 I, T N ORA R B RRAE SRR S 4 A iR A
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Table 2. Amino acids with significant differences in the binding and non-binding residues for 3 metal ion ligands
F2 CHEBREFRANEESRESEESRELEEZERNEER

Zn2+ Mg2+ Ca2+

Residues of P-Value less than 0.01 (P < 0.01)

A D A
C E C
E G D
H H E
[ K G
K L H
L P [
N Q K
Q R L
R N
S p
T Q
v R

S

v

3.2. FERLARM(RP)ESEHIFUNEE R

ZRAEAM S SRS FRAMEEAERN, FARSERES GRS R AEMEER, M523 HE
FEBR 2, BT DAFRATIE M 30 & O 5 i — @ K T B, 35 BeboD v & s B T A
SRR, WE SOZ R BONIEE R B, RN FEE R B NIRIEER AR ERS— N RIS AR R BLE &
Frepts,  FRATS: AR 2 (1 R A s N b (L — 1)/2 MAEIERR X, L Pk BU & K .

I T A BE HL AR PR SR AR SRR E(PSSM, AAC, DC) UL RS AERR & 5 5 128 ORI F T 45 S 51 7
72 3 h, bR FH 20 FhEFERRAL 2 (AAC)EE Zn®. Mg?. Ca?* 4 &kt SR &k FR b B AR R ) &
140509 11, 9. 7; 400 Fh k4170 (DC)FE Zn®*. Mg®*. Ca** 45 & kit GRS S HRF R b B AR ) &
AR5 7. 7. 5 FRRvEdT 205 FE(PSSMYTE Zn®t. Mg®t. Ca?' 45 &kt SR &R F R b S A R 7))
WA 5. 7. 9 TEHARHMERAES N 9 MM, MEA —ERENRE, LR ERHER &I
S BRI S A A AR AL

3.3. XHEBHL(SVM)ESER TSGR

RS, ATHIGEI AAC (REEE H3Y24 11)M1 DC (R d N8 DIENFHES L, SR
[ EHUREBEAT TN, 2 5 P A~ T4 RAIFEE 4.

ETRALRL S T RER, e SVM TN A BOA BEATRAE R B G, (EXFEEER 3 iEs R, KIAEM
FIRHEZ B(AAC. DC)'T, BENUARARSLIE(RF) L SRR 1A B LS B & A A X = Fh < J 1 T e A4 45
ik
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Table 3. Prediction results based on RF in 5-fold cross-validation
% 3. 5- I XX THEHL AR E AR FUNZE R

Ligands Features Pre Rec Acc MCC
PSSM 0.92 0.77 0.85 0.714

AAC 0.81 0.77 0.79 0.590

zZn* DC 0.76 0.86 0.80 0.598
AAC + PSSM 0.92 0.80 0.87 0.739

DC + PSSM 0.91 0.77 0.85 0.707

PSSM 0.72 0.63 0.69 0.381

AAC 0.58 0.51 0.58 0.164

Mg2 DC 0.60 0.55 0.59 0.184
AAC + PSSM 0.72 0.63 0.69 0.385

DC + PSSM 0.72 0.62 0.69 0.378

PSSM 0.73 0.63 0.70 0.397

AAC 0.67 0.59 0.65 0.300

ca* DC 0.65 0.63 0.64 0.287
AAC + PSSM 0.74 0.64 0.70 0.413

DC + PSSM 0.73 0.63 0.70 0.394

Table 4. Prediction results based on SVM in 5-fold cross-validation
= 4. 5- XX T X IFREVEARNTUNLE R

Ligands Features Pre Rec Acc MCC
2 AAC 0.81 0.76 0.79 0.587
Zn**
DC 0.85 0.63 0.76 0.534
AAC 0.60 0.53 0.59 0.182
Mg?
DC 0.76 0.12 0.54 0.148
o AAC 0.68 0.53 0.64 0.280
a
DC 0.79 0.21 0.58 0.226

34. ZHERBFEFESAUSHTNER

&R T AR I S A AR I E R U0 B T B AR AR ST RE, T CAIRA T3 20 R BE L AR AN S
R ) AL PRSI0 = g Jm T O 45 S AR HEAT 3 XS, W Bl I I 11 I R R A dE, 4
RIEL 5 s

Table 5. Prediction of binding sites of 3 metal ion ligands

=5 ZHeREFRASSMASHTUNER

Method Ligands Features Pre Rec Acc MCC
zZn* 0.77 0.84

RE Mg? AAC 0.68 0.53 0.73 0.588
Ca?* 0.71 0.76
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Continued
zn% 0.81 0.89
RF Mg? DC 0.79 0.69 0.82 0.719
Ca®* 0.84 0.82
Zn? 0.80 0.82
SVM Mg? AAC 0.66 0.56 0.72 0.572
Ca®* 0.66 0.73
zn* 0.83 0.88
SVM Mg? DC 0.74 0.71 0.81 0.710
ca* 0.83 0.81

PAESSRAT L, k4L (DCYRHIE BE A A TR = Al 745 B kAt . X EU A ERERISE R, ATUE
HO+ = Fh e m S TR SE G, BEHLARAR(RF) S Z L SR M B AL(SVM) L UM R AT«

4, g5ig

ARSI TR B IR T Uniprot B2 5 ASEPORAHSR I =288 1, hIRIGIRR T 456 Ja A RARTRIE I 8
H A KA E 50 MAFERI R B DLLRA O N = e85 E B EH, Ba iR mE A mEEAa W, prel
ASCRARTE T HES AL = MERE TRANS & 00, ST EMTrRI=MERE TS
WAL AR GRS E R AR B E N E R, N5, ETERERT I 2RI 3 FRHIE(PSSM,
AAC, DC)JS FHP R SIE LIt 70 I o fE =R B B T4 A ikt S ARSS SR U0, B RENLARMSIA(RF),
TR 5y (AAC) 45 GRS HEFT 43 HE FF (PSSM)RFALE UM IE R e o, Zn?* 4 B ek 1y TG RS 138 (Ace) e e
IBE 87%. TAE =R B T RCARSE BRI 73 SR, M BENLARMR S (RF) A1 k4173 (DC) RFAiE4S
o WU ENEEE (Ace) iR N 82%. AL, AZMRDN THORAR R 115 el B TR IO 4 S ik kI 2 — 8
FIRBIRE . T — LB AIEERFEROY 1Y, ARG E 2 PRMRHE R, KT R 2 Me)E & ik
IR FC -

e HE

TR B 44 (VP SO AR S R DR L, (AN IR K [ AR R Bk 4 LTI H (62141204), M5
A X 7T AR 200 H (YJIG20191012908) 5 A1 S %t
HERIESR

SVM (Support Vector Machine): 73 [a] E AL

PSSM (Position-Specific Score Matrix): 1o B 45 5L 3T 7004 ;

RF (Random Forest): BENLARA;

ANN (Artificial neural network): A T 4145 /1 4% ;

ANOVA (Analysis of Variance): J5 % 43#T;

AAC (Amino acids composition): 2 FE8R2H 47

DC (Dipeptide composition): k414 ;

Acc (Accuracy): HERIZ;

MCC (Matthew’s correlation coefficient): & i AH 2% Z %
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Pre(Precision): F&HiJE;

Rec(Recall): #[H1Z,

3% 30k
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