Computer Science and Application HEPIEIFE5MH, 2022, 12(11), 2417-2423 Hans )0
Published Online November 2022 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.1211247

EFREZ SN TCRMANMEEER
HEMR

2 7,5 K

RETA K, Kt

Weks H#: 202249 H30H ; A HE: 20224F10H28H; KA HI: 2022411 H4H

R

SRSTER—MARANEE & RE RGN REIRIT T $FR. T ABOTEERIET TERE,
S BT HIZH A T BA BRI . XM ARETEY, REBIRKETCR-T/TE. TCR-T
TR ENEERBTOR, TR FETUREROTHARZ 4 (TCR)ZER AR EE HSNTH,
BE N TH RS RIESNRIETCR,  HRBRARERMBARKIES . BT, WTAKREIELSETCR
ot R R MR A R PUR BRI TCR, X —E R AR AEYE B2 TR PR . AR sX — I, &
SR H T — I TIRE IR RELE, MTCREZIRAEAE AT .. KRERENH, £
R H B LIRSE EAUCHIEN0.8513. 15t IE5FENLARMAAINet TCRZF AR BEAT A R ) 73 A8 45 0
b, ZEEREMER A ER R KRS

X 5in

SBESTYE, WE¥S, TCR, Bk, MEIEA

Research on Predicting TCR and Peptide
Interaction Algorithms Based
on Deep Learning

Ning Wang, Xin Ma*

Tiangong University, Tianjin

Received: Sep. 30", 2022; accepted: Oct. 28", 2022; published: Nov. 4™, 2022

Abstract

Immunotherapy is a type of cancer treatment that exploits the body’s own immune system response.
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Immunotherapy is emerging as the most promising cancer treatment after traditional treatments such
as surgery, chemotherapy and radiotherapy. Among the various immunotherapies, TCR-T therapy de-
velops rapidly. TCR-T therapy introduces the T Cell Receptor (TCR) gene that specifically recognizes
tumor antigen peptide into the patient’s T cells by gene editing technology, so that the patient’s T
cells can express exogenous TCR and obtain the ability to specifically kill tumor cells. However,
how to screen out TCRs that specifically recognize tumor antigenic peptides from a large number
of unbound TCRs has been a challenge in the fields of immunity and bioinformatics. To solve this
problem, this paper proposes a classification algorithm based on deep learning to accurately pre-
dict the interaction between TCR and peptides. The experimental results show that this paper pro-
poses that the algorithm has a value of AUC of 0.8513 on the dataset. In addition, there are also dif-
ferent classification indexes compared with the random forest and NetTCR classification models,
and the index value of this algorithm is highly improved.
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1. 5|

W JUAESR, WA HE R 20 27 B 1 20 2 B AN T AR DA R A BT BOR IR R, Ay TVEAE N 2 e
FERNRYT INEAMEIRAG T BRI, 7F B RA RIFIIRIH TS SeyTidd— MR A B & %% R 50Kk
XFPURAE T, APEREIRTT USRI R R B R BGRR[0 A=A S5 A DG el ) R 2
WA AR, SERGZETVE AT Tk e M IEAE PR T, JF HCABUR IR 2R . kTR )7
BT AR GIRTT ITIE G, ST iR TR N T IRITRIE SR B TT 2. BT, RIBECNIIET
G %978 B RS TCR-T (T Cell Receptor-Gene Engineered T Cells)f1 CAR-T (Chimeric Antigen Receptor T
Cells)&5S 7V [1]. CAR-T S5 1208 LR IR S BT R IFHVARIT ROR, SR CAR-T S fif FEAFAER —Leih
SR ER R AR ) R, CAR-T A& B R gwfEHoR N TR BB UA v B (CAR), 7 BORHR
AR RS I HURBONA R AR A BRI ARG KR SEAR P, CAR-T 4iffaJfApext
MOANFUEHEAT . I, CAR-T 73 SRR G ST BORITEA T4 BAE . SR, it TCR-T Jrikisit
(Rt Y TCR 1 T 4B AME AT RAa e 40 M 22 I R T R , 1T HOBRE IR0 MHC 328 5 s 40 i 3 R Bt
TCR-T 4ifitg 1) TCR il 45& MHC 4313 5 iR OB TS IR BOR s 40, 3517 35 2 BrdeRems 40 R 5t
K ENATTREAER H o
2. MERFHER
2.1. TCR MMRBEE{ER RIE

TCR-T 4ilfl/Z3@ it B 5 R TCR WU MHC 4313 2 B FT BRIk ™ 4 A0 HLAE I B9, TCR-T 41
EMTCR 5 MHC | 2877 T R Ik 45 & i R an 18 1 pros[2]. HilR 58 40 i (APC) N 9t J5 2 1 5t 70
THEBE AR MK N RERZIK. 34, ZIEEHENTHXNEIZEANEEZ, Wiss

WM, MHC I X975 NN EZkESE, RBRRERT. &5, TCR A MHCI 401
EHMZIK, WEEEZEFAEREE S, T 4008 40D 2 18] W B0 G 2 B8 I v, HE T % B8 4
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M, SBFNRIT IR E . AR, JEARFTA R MHC 20 T BT 23L10 2 IK#RE R TCR KA EAEH,
Horr, REZRABARARZEEME, WS TCR i, i, wff WKEAES & TCR i
3 H AR S M AR R LR R ¥ TCR, A T H AT TCR-T 7732 R — R Bk il o i ik v o 8 46 R 5230 7 vk
MOREE [ TCR A i fik r i 28 4 FT DU B AR FY B BC X P 47 S SR R ANELSIE T o SRR AOAN SURE 9 KA IS
], 77 HL 7% AR 2 08 4 SRR o AT R o it TN TCR ANk 2 8] A LA FH 248 A I S8 AR Sk AR ) I
AN SR 5T 1A
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Figure 1. The process of the TCR and peptide interaction
1. TCR MAKHIHEE/EM AT 32

2.2. MBMARGZE

BB N TR BEH AR AW KR, LS5 N TR RERI 456 B8 SN I 94m m . N T8 B
HLES 2 ST RIVR B 2 SR ARAE R —Fhaids Sy i 75 8 Tl TCRRIRL 2 [ AH ELVE P #2148 5 . B H oA ik,
A TN TCR-FR AR FLAE I B 795 R R T 78l )% HLas 2 I AR BE % 2] =38 fET TCR A1
K& HISEFL T 0 BRI 5T 2, Michielin 28 AR R #5400 S Hfe, BT Tah 1 i s
A1 TCR FIALZ ) f E HH eI 225, SR et TCR ABK 2 18145 & 56 A0 1 105 99[3]. %7 % T 1l TCR
FRSEAN B R AR L. 2019 4E, Gielis 8 NWFR T — R T HLAS 2% 31 1 BEHLAR bR 43 A5 7Y
TCRex Tl TCR 1k fIAH HAE FI[4]. %87 . McPAS-TCR %4 2 F1 VDJdb $id# & b ikt TCR ) B
HE R BRI BB 31, DI ZRRIIEAG TCRex #8Y %0 8883 5 1550248 XRAE kit 5 TR
Fr SRR ) ROC HIZE T IIA(AUC)E . BEALH) AUC 2/ 0.7, KRB R A S8 32 1L RE /1. Jurtz
S NAETR P 2 ST RO RE L iE 1 —Fh I T B RBP4 N 45 11 73 257 NetTCR [5], iZA A4 AE 4% Tl TCR A1
MHC | %7 52 F] HLA-A*02:01 5 LIk 2 18] AFIAE BLAE FH o NetTCR HE B0 T ik ity & 5L 2 77 51 1 TCR B
HEH) CDR3 XM NN, XFAFFI#R 2 A BLOSUMSO i FESE TR ME R 8. CNN & & Ab # K
FEARI AR TR TCR 741, {8 FBFIERAR R NN, CNN B B & BN\ 7 41 oA e
e BRI MG S . BB A BT ISRVl . 85 R, S AT LK & RS A TCR il
ZEA Y2 [FIYE MHC 5233 ) K ¥E 251 TCR.

SR IX L A (R 72 772 B AR Re 8 %) TCR ANJIK KA FLAE FHEAT T, (F2 B T TCR-JIKFF B BC X (1)
ZREMERI AT FH ISR A R, X E AR %o 1 L8 YN R ARt 1) Btis T RO R e, AR i et oA 7 25 1
TEAEMIIKE TCR 3 1 3T e Tl 58— M, AR Bz A Re Jufnfe e Y 22 (6] DRI, TREFH MR
UFIHRFAE A2 07 20 TCR AR P F K 2 AT RR A i, I H PR H— Rk TR B 22 ST i e RE A s
PRI, TR TCR ATk A HE ELAE ) 28 56 53 7).
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3. EFZFEFIH TCR MRKEIHEE(ER FRER

Fe T BRI TCR MUK A ELAR AR (R TE PR AN 2 AE (9 17 L, A SN AS [ 13 B2 A% TCR
APRHEAT BAEACRAL, R T — Pk IR 2 S (A 2 W 28 A58 (C-L-M) Tl TCR AIK A9 AH LA
C-L-M AR AN [R] BB #2408 A B2t 5, AR TCRAIBR AR ELAE F SO 4R 68t 1 37 i oA, i oW TCR-T
FBIRIT I3 TCR MK RIS ik iRt 7 — € ida S .

3.1 SCEBURE

ARSI B A (A #2  TCRdb i e 285 — 7 26 AR ide HE R i, — R 608 3416 X TCR FIKAH
RS A B PE B AL 3416 X RIRATES YR, — LA 6832 X EdE, X L AR R LT SIS IR . B
g 7:2:1 R MINGEE . IAEERMNREE . AR TR LR A W= 1w,

Table 1. Distribution of the datasets used in this paper

=1 AXFTREEEN S

TR E%eS KF4E MR
IoH 4 B 4 2390 X 684 Xt 342 %t
9 M 24 2390 X 684 Xt 342 %t
EACITIEN Y 4780 %f 1368 it 684 Xt

3.2. BEERTRALIEANFAER T

X TCR AR B S LR 17 81 KA — AN BRI RFAE B A 7V K255 T 5 35 A LA FH 45 SR i 22
RURE 38 P BRI o AR 90 1 et AR =R R R E E U getDict BEUE X T — AN, 4
TCR FHIK M FR 7 HIE N — MR (TCR-JIKJFF1), 6 B L toToken 3755 17 51 4% ey il
5. B MR A ST TCR-BEEUE 7 #I AT RFIESR L. — AN A FE ST TCR-BREUE /741 % F One-Hot 4
1577 XFR[8], J— MR TCR-IKHUE T %I H Embedding 4ifid /7 SR K R[9]. @it X TCR-K/F %1
AT ol AN (] £ B2 ol AT RFAE B L, SR PP ROR ik AH S G, 0T TCR AR A AH ELAE A T30 3 AT 4 AE
TR

3.3. C-L-M &gk

BT — 4EB AR 22 [ 2% (ConvID) MG AR 22 M 28 (LSTM) FE AR B SCA 7 51 A IR BF PR RE, T 2 2 1%
HIPFLMLP) FLA b HE i e . R AR 1068 1. Rk, FRATHE ConviD. LSTM F1 MLP #4717 — 444,
Wit T — BRI IR C-L-M. ik ConviD 25 4bE One-Hot %ifd )7 203 7R I TCR-JIK 3 51 (R AE
FERE, ik LSTM 242 A Embedding 477 XRE R TCR-IKFF B IRFIERE [ . %)=, F Concatenate()
BRI HCHE ANt 1) B AR AE AT RS, SN BT ) MLP #R I ZgH, % TCR AR A AH ELAE A HEAT T
WMo BT VRBE TR TN TCR AK A AE AR ) C-L-M BERAR B ] 2 B,

34. ERMIIGESHRE

AHEFTHE One-Hot 2wt A1 Embedding 4% TCR-k 741 437481 ConvlD F1 LSTM #4174k #E . ConvlD
MR 2 MERE. 2 MBLEM 1 AN EEEEWNR, SRREERZ 64, RERMETTHERN
128. LSTM #2521 2 4~ LSTM Ml — a8 E M, Mo M Eornlh, 64, 64 F1128. B)5,
P A F) B Concatenate() eR B TREIERL &, TN EIEAG 3 MAIERE N MLP MG Mg, e
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Figure 2. Flow chart of the C-L-M algorithm based on deep learning
2. EFREFIN C-L-M EXRIEE

TN A 128, 64, 132, ConvID. LSTM I MLP A (¥Rt 2 43 R HER A ReLU s UE A S
PRE. 1E4IEFEZ 2 G M Dropout JZ, rate %8N 0.2, I Dropout JZIEH 27 ik 25t L&, B
MLik— @ B M & oo s ik TAE, X REnT U & W4 2 AL RE 71[10]. Be)a, In— AN a2 6 v
B, W& 1, Sigmoid 1F s s E(FRik U an N (2) ior), S gs R AuE Al FH T AE 22 X
(Binary_crossentropy)fE 4 C-L-M B8 451 2% ik $i (R XKan XN B) Fram) , 1R H 2 8 1715 TCR
AKIAE AR MR A SEPrE 2 (B )R 22, Hodr,  y, RESHE,  § N FE . AW 5o H e
& RMSprop #i%(Root Mean Square prop), >34 0.001. {i F} RMSProp 2%} ##1 45 X 26 H 41 48 76 (1AL
W MW E b B8R 4T B8 [11]. Hd, ReLU. Sigmoid i1 Binary_crossentropy ft Azl F

F (x)=max(0,x) @
1
S(x)= 1+e7™* @
Loss=——~ "S5} log§, +(1-y,)-log(1-,) ©)

output size I

4. SKEER5 5
4.1, SCIRIRER

BT3RS J7TH, #RE R4 Windows 10, Python R85 A<y Python 3.9, i Fi IUHEZL /i A< /& Keras
2.5 fl Tensorflow 2.5, fERE/FIAET /1, f#i Y CPU & AMD Ryzen 7 4800U with Radeon Graphics 1.80
GHz, FENLHINAE2 16G, ffHME K& GTX 1060,
4.2. 14EEIEHF

FETI TCR AR B A ELAE F AR B A e Se i, FRATT 7 BN () 1k REREAT — VR o ANF N
B B AR WAL FE RS, X LeFR AR Re 8 200 H) PP Al B I B ) AP IR o 326438 60 1) b mT DA FRE B AT T0t
BT (P 1 REREAT R o B A R TR AR AT LU, S PR e 38 e 0 () — PR e 852 . AR
FoAeRT TCR MIIKEIAH ELAE F RO P 25 SR EAT — A 2038, Bk, SR 70 R IERE I PR Fa A PR AG Y
bt AWFFTiL$E T ROC #iZk. Precision. Recall 1 AUC 1y C-L-M BRI pEAL e bR, o, TP ALK
FRAME, RUIEAGIRG) TCR SRR & TN AGRREIME, HIE#IRS TCR AGE R Ik: FN AR
FAtE, HE R TCR ASEAHCH k. Precision Al Recall (#1200

TP
P+FP

Precision =

(4)
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Recall = _Tr )
TP+FN

4.3. KIGLERINS

T VAL C-L-M BRI PERE, FRATTRE C-L-M BEAY 5 BT L8 27 T I BEHLAR AR 73 SRR Jurtz 55\
PEH A TR 45 (1) NetTCR 43 8B 7E A SCHIE A2 125008 EHEAT X H . C-L-M B L L Ath i /45
) ROC HZkxf bl 3 frm. HILERTLAE H, C-L-M BRI ROC fh £k Mt 5 BEHLAR M AT NetTCR
SEMFENT /e b AR, IX R C-L-M AR B L A 9 A B TN AR AR BT o T C-L-M A5 R F A AR AR 7 A
TEFRIIXT LU SN 2 B, MAZR IS5, C-L-M A AUC N 0.8513, i FEHLAR AR 7 245 R AN
NetTCR 4} 2518 7E AUC 77 T R I — %, 437924 0.8263 1 0.8039. 5 i WL #R A Net TCR H AU AH LL, C-L-M
HERITE AUC J7 TH 23 5l =1 1 0.025 F1 0.0474. 7EH A FE #5718, 5 NetTCR ALk, C-L-M BLZY ] Precision
FTHT 0.0489. SEEHLARMAIEL, C-L-M HA(K) Recall 25 17 0.0761. Kk, C-L-M BRI TCR
AR AE AR FH BV REAT B AN R B

ROC Curves of Models

1.0

0.8

0.61
o
o
|_
0.4
02 — Net TCR
— FEHLARAR
P —C-L-M
%90 0.2 0.4 0.6 0.8 1.0
FPR
Figure 3. ROC curve comparison of C-L-M and other classification models
[ 3. C-L-M S5 HAth 53 F4EE ) ROC HALLXTLL &
Table 2. Comparison of various indexes of C-L-M and other classification models
2. C-L-M 5 H b 57 FAR BV B9 &£ TR ARATEE
Model Precision Recall AUC
BEALARA 0.7595 0.9102 0.8263
NetTCR 0.7302 0.9641 0.8039
C-L-M 0.7791 0.9863 0.8513

5. &g

REE 2 AN TR ge A L g5 & T ik —20 TR TCR MK EAEFH 20 E . T
MK E TCR KA ZIERR 741 Hh Puidi b . el S b 038 H LA i A g fAssE ME ) TCR-JIkE 731, A
SCHRH T R TR 2 ST I 0 Y C-L-M, AR BN AN TR 1 BE T TCR-RE B AT R IE SR HL,
F4 ConviD. LSTM Fl MLP #& Mg 474 6, 2Pl TCR AR UM EAE A Bl . se3bas R BoR, 53
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