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RIGHEAR (Cryo-EM)EIE T 2027088, REMAEMFHEAR SBERY) TEWHAKNEERAR
FB. 212K, THENERKRA 5 ERE FRIUMAIR KRR, ERAMIEDMEREREREA
FZE T REBELETFIAREN=GEWEE., A T=24ZNEAEFAZAERE, BdXKEZ
LRFEFRATHEGEMRS, FHib, —&RFRERKRN S REEEHMEAERP PR, B
BT, EEAGHBEERENEG KRS RERS, Hit —guFnEEnE, FEFERBAFLRN
REET/EEFRREN . 43R, 2RCEHTENERESHBEIMSENE, ERGEN
B AL B 3% (Bilateral Filter)X {58 WBR K BB #AT A %M, HEE BT BHELEHERE
B8, BEUSEREREEEGRVIGHER, HidZRY /K2 2 (Restricted Boltzmann Machine,
RBM)i# T M BERZIHLIEBGN TR ERE, DRE _AERTREGRINNBRSHERHE. £
BIHB, B, BRATFIMAEBREIEE (Protein Data Bank, PDB)H BRIKIAEM KRG T 451, B4
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W, BEERINIRSZABRMAE FEEEH FHRVERA1 (Transient Receptor Potential cation
channel subfamily V member 1, TRPV 1) E L 4B G00N BB BIRE BT IR, RE=FETEW,
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Abstract

Cryo-EM is a crucial technological means to study protein and nucleic acid of structural biology
which is originated in 1970s. The significant evolution of computing performance and direct elec-
tronic detection (DDD) camera make the atomic resolution of 3D structure of micromolecular un-
der the condition of small dose possible since 21st century. The reconstruction of 3D model is
based on identification and classification of 2D Cryo-EM single particle projection images which
becomes an immediate cause of how good the resolution of final 3D model could share. Currently,
the 2D single particle images selection was is such a time-consuming job even for the experienced
scientific researchers as the signal noise ratio (SNR) is usually quite low. A new approach with the
combination of computer graphics and machine learning is raised to this problem by using bila-
teral filter to optimize the detail of edge and histogram equalization to enhance graphic informa-
tion in the pre-processing stage, moreover, small amount of high-confidence images was chosen as
training sample under the restricted Boltzmann machine (RBM) network in supervised learning
pattern to achieve the image selection and classification. In the verification stage, the effectiveness
of this approach is proved to work well with simulated low SNR projection photos generated from
the known micromolecular data from protein data bank (PDB). Subsequently, actual experimental
2D singlet particle data of transient receptor potential cation channel subfamily V member 1
(TRPV1) is applied to be identified and classified, and finally, a 3.6A 3D structural model is recon-
structed through cryoSPARC platform by using only approximate 53% of the original data. Conse-
quently, this research is not only improving the manual efficiency, but also providing a broader
perspective the identification of Cryo-EM single particle 2D images.
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1. 5|8

AR B R Cryo-EM (Cryogenic Electron Microscopy)se 4 il 45 M) A=W i E B I R FBLZ —»
I TAE G X P26 k%% (X-Ray Crystallography) 5 # i 3E4iR 1 %% NMR (Nuclear Magnetic Resonance)
XTAERD > THE I IR EOR, R URBI RSt T vl B, B 7, R g R EEREE S
FEERAT UARNT, 1X— B ARRMERE, WEIEEEEE 2017 £ VURML2E32[1] [2] [3]. H 2013 FHE— L
T LB Y I A R E B B BT T SR T RN 3.4A IR AS SR AL B Tl I (TRPV ) S5 T IR 24
AR, O 2 AR SOm I AR A R S S BRI AR R 71 [4] [5] [6], PRsHES) T 4514
IR TR AR YIRE o AR E SR, 1 B A B B R A kIR R A, R R A B A
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HL DDD (Direct Detector Device camera)SUH 2 (% #hs, 151 Hd & BARMS, TAEANEYI R T4 B
BN FERER &R E g RRRA R IR, Bk, BUEREAAEFELR T & MR TAEEK
IR TR Lo BRI [ 1] T i e b o) @, RH2 A5 JE TR T 2 M B AR R P AT BUR Bk [ 7] (8] [9] [10],
Mo, YE[E MRC Laboratory of Molecular Biology F Sjors Scheres 18+ & BB\ T+ & #J RELION £ 433
TN B 1 B RO PG AE I ZRFE A BT S BRI Auto Pick - H 24k s ok Bk g V2 REFH 11, i B3R
[ b RLBE i BE TSR BIT Zhang 55 A4 H 1R 5E TR B2 40 22 I 28 43 1 1K) 4 1 3 BUBIORE PRoce 72 7 PIXER ik 3 1
5 RELION —FEEFIRUR[12]. BEENLE S I HR AW R, BEEFATTR T 28T N TR A
HEAT BN BRI [13] [14] [15], E TRAR M b A v R Mo Bt IR, SR BB LU0 R At 2 AT5 SR 5
o EFXF LR @, ALk HZRB/K2Z2H RBM (Restricted Boltzmann Machine) f1 XA € 2% BF
(Bilateral Filter)fH4E & (1) 77 7%, il oAb SRt R i i &, JFSEIE shik 738, DA my — 4 sk R
IR BE R, R 5 S04k FEBR SR ORL EE A P 75 G ) e B A1 1 R

2. FE5RIE
2.1. RAEBERFR EGRTLE

2.1.1. BUBFHEHE

VA VR LB B R RGO B LA IS R EL IR PR 16] (B 1(A)), B L BN T2 IR R 22 S ML
WL BEAT YNGR IR B RO AN o 5 B B I BRI AT 0, ) 2 0> — 4 28 g A0 T 5 AR [ B 25
KGR Rz, W5l ARSI 0 IR, 32w s e R BRI — 4 g o 8 5 = 4451
SRR EAR . R R, BRATEI NG E B 35 UG AT AL, T O B 8 AN
A LA B 7 B A BB (K13 R AR A5 2171, 38 AT LA 20t 308 358 4 B R A v i s Fr e
LT R RN B A5 B R 7 R [18] (B 1(B)).

Bilateral Filter Histogram Equalization
A C

Input Micrograph

Figure 1. (A) Cryo-EM single particle photo of transient receptor potential cation channel subfamily V member 1 (TRPV1);
(B) Cryo-EM single particle photo of TRPV1 after bilateral filter; (C) Cryo-EM single particle photo of TRPV1 after bilater-
al filter and histogram equalization

E 1. (A) BESZEBEAMETRIEEZEBE T V G 1 (Transient Receptor Potential cation channel subfamily V member 1)
BUAFHRE R TR EGR; (B) £IRHEHZF MW TRPVI AFBEBEEFTNES,; (C) EUNLEFRFSEHE
BB IR R TRPV 4 7R 5 8 Bk B 1%

2.12. EFEHEK

b T RO MG A JE R R 2R A 3 A BN AR SR e P Xt L B 1 2 A5 IR 5 R R 2 4
FRAE . R AR, FRATSR A BT BT EAR19] (8] 1(C))e X — 4 A B 1 157 15 B ) R A 2 i
SRR IR LR, B T 52 BRIBIR 24 2 A1 ) 268 F BB G RAIE 0 31) 1) HE T 2
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2.2. ZRFRZSHMEEN

SMRBORZE SN I T RER RACIRS B, B8 A HES - MREE, HRAE
WICHER, ZIRAERIRE. RS IR, S E R ERIUZ, B R KIZk
HAr2 il M 2g 280 TAaE, Bl BEAME RBERRAL[20]. HIRATEAEBAE I ZRFEA RS, BB RAE
—MEER E S R IR PR G2 AU FTALR B — A FICAHR B, 1B R ) ST R DAL AT AL Z N
I GARFE, AT LR SRR O R o AU R A A0 SR AR T 2 B e ) 4 0 K i AR
AHAT LM% 55 R e R 2 UOEAC,  HR R IOERUR TR 4 R Z AT EIE, BERRARLZ T
HIPREBE T PRGEIIE 2). Sbi, f—HMANRNGEAREREAS, #0TLLOEE I ZR 5 1M 2% ka5 247
LS BCE AR S 4% e A, At seBl 1 3R 22 S LR I .

RBM Training Process
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Figure 2. RBM network training process
& 2. ZRIF/RZZSHMEZINIZLIZ

Supervised Learning RBM Classification Process
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Figure 3. Supervised learning of RBM data classification process
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SE PRI IR 28 SALII 2 AT LAE i I 2y > AR B 5 S S R i 5 702K I 27 2T 1)
LRSI R, THRAIRB RS . RO E R ST g I — MRS BT (P LI 3), AR 25Ul
W, 2 AN FAREE T BN P R B RIS, R AN [FIARZE XS ISR o 78 R 28 IR 52 K
Ja, BN SFEIREARRIR, BRI RIRERR SRR R R, HBAMS R R, XA
S TT AR 90 2% TS 45 RIS RIFRAE R, TSR 20 ST 70 2R DN RE21 ] R it B i) IRUm HET
#, ARCKH 2 AR B 5 S i AT M2 1 IZR, DA B EERUS MR A DI 2 e, SEall
XA 1 PR BLRIURE P P BB e i it LR (0 5 B, AT B ey = A R Ay S ol 8 308l (0 E R BE [ 22] 23]

3. RS
3.1, WA S 5 BSR4 e R R R 1L

T SRR P -5 LT RSB A ot 74 1 L e M P RN, PR B S iR A R, RATMER T Yao
S5 N BT FH OB FOLVA VR LB S PR R AR 7V 13], 0 Al TRl — {5 e L 25 T 10 i RS 5 480t Fkb 2
TR HEAT I . ARV TR R A RRE PR 0 A 1l e 75 2 R 3093 1) PDB U, it JE H ] Xmipp #-0
H1) xmipp_phantom_transform 24T H0 A% IE PA K xmipp_volume from pdb #2744 PDB U6 B 7%
K, B33 PDB H-125 5 B m] A xmipp_angular project library F25 4 s SO, B IR A6 75 Z 8N
ARG A5 S [13]. HARFE(E MR 0.0625 BTEIRTEILE 4) T Btal SRR, REWAbEL 1 EE&
ZIL BT IIZRI RBM 28317 7028, FLIERRAUN 68.52%; TAHEZ41F N &id b #E 5 B, IRAIER R
AliX 99.95%, T ARETUEI B, 4 EMELETARKT, RBM 28508 R 20 Ab B 1 A5 4 U0 T 2 T A
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Figure 4. (A) Simulated single particle images of SpCas9 SNR = 0.0625; (B) Preprocessed simulated single particle images
of SpCas9 SNR = 0.0625
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B8N AR R 22, FRATT IR BUA [F)45 1 LU 10 B RS0RE SpCas9 2R VUL S5 M 52 MR 5 [F) S 26 A B I 25 T
GRS, LR SEECR BB IR AT R IR (P L 1), DURIEA SO I 2,
B MG A 75 3.1 A A FRATIAS 2 LA %l «

Table 1. Identification accuracy of simulated SpCas9 and noise data under different SNR

% 1. TR TR B SR MRS %

PEi%S ik dE (EL Y= EX IF IR AT biiiipes
Cas9 B ISR 1 5000 Cas9 LIS R 5000 0.0078 4798 5202 0.9246

IR SRR 5 5000

AR R URL 5 5000

LR, BEEERE EERAN T R R, WONHER A — ¢ T, EEMRLIEA 0.0312 4T, RAIHER
N 98.14%; TE(EMELLARE 0.0156 B, RRIAERIZ Y 95.42%; 7E 5 it 5 W EL A A 0.0078 11 %A
T, MR AR R A ATIE 92.46%, LR, {EAGI TARE M ZM T, WIRCE IR 2 B
HHO AT AE SR (P LI 5)
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Figure 5. (A) Simulated single particle images of SpCas9 SNR from 0.0625 to 0.0078; (B) Preprocessed simulated single
particle images of SpCas9 SNR from 0.0625 to 0.0078
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DOI: 10.12677/biphy.2021.91005 39 AW


https://doi.org/10.12677/biphy.2021.91005

Frdh 5%

33. BiSRERABTFEERER TR VEA 1| NAFRREFRIRMNEZHEN

LI B AR A0 5, TRk K S A B B AT 3 — D 5286, BAER T T2
Tk A T % B4 72 (Electron Microscopy Public Image Archive, fij#% EMPIAR)%i 5 A 10005 ff] TRPV1
JE AR T E%, FIFH PARSED T HBHMTEURL YIS BahPkik[13], M 871 kE 3k T 147,256
AN R BURL R AE R 2 R B 4

UEAh, BATIEFEHLIEHL 100 5K J5 467 %k fi 52 B8, FII A RELION #E4T BRI 0 ik 5 — 4L 42K,
U B A B s AT T LA R0 T 0 B 0L BB AR BRI R4, [RINE K 43 S5 J5 HLAM UL 35 9 SR ER
J I R RURL G N AR U 258« TEVISRSR MR @i R b, B T B o I S L P o i e g A7k
SEF R PPAY, T BUORE BRI 23 S R s B B0 BRiE, RELION AR 3417 BB S ks — 4 IR
SRR Z A —, KRR AR E M BEE, FIWaT DHE N INGHEASE . Bkt n)
BRI GRFEATL T 10,418 A4S, LR BHYEREA 7771 4, AL 74.59%, BItE 2647 4>, (HH 25.41%. BE
Ji LAEAE R UITZREENT RBM W Z8 JEAT Ik, HAE IR T8 BUE X B0 07 H 1Y) 147,256 A SR0RL MG 34T 2
%, DI B A I SR A AE I U3

23k RBM MR 552K 5, SLiH452) 32,403 ANBHPESRRUR 45 R, T RELION JoyZfd i 5k
PRI A BURL EUG AT = 4 sE M B, I RATRI cryoSPARC 1 &[24] 45 Ko fig Bh AT — B ik,
Al RE R FATIACE A — 47y 2 B BERL R AT 20 2RAE LI 6(A) B 6(B)), FLit 23636 A HkL E 5 2t
T YRR, JEREIRAR T A HERLN 3.63A (=4 R (PRI 7).
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Figure 6. (A) Top 20 highest degree of confidence of 2D classes of TRPV1 single particle images by cryoSPARC; (B)
Probability histogram of best 2D classes of single particle images; (C) Distributions of projection angles of TRPV1 single
particle images
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Figure 7. (A-D) Projections of 3D Reconstruction Model of TRPV1 at different angels; (E) Curve diagram of GSFSC
Resolution
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