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Abstract

This article proposes a two-stage approach to predict the specific binding of peptides to T cell re-
ceptors (TCRs), aiming to improve accuracy by gradually optimizing the prediction process. In the
first stage, we use a stacked autoencoder to numerically embed peptides and TCR sequences, par-
ticularly focusing on the CDR3 region of the TCR f chain, which is a key determinant of peptide
recognition. By encoding the Atchley factor, we transform the biochemical characteristics of amino
acids into a numerical matrix and use unsupervised learning to capture key features of the se-
quence. The experimental results show that the autoencoder can highly faithfully reconstruct the
original sequence, verifying the effectiveness of numerical embedding. In the second stage, we
constructed an ensemble learning model based on the numerical encoding generated in the first
stage to predict the specific binding of peptides to TCR. This model combines support vector ma-
chines (SVM) with different kernels as base learners and integrates their prediction results through
stacking to improve the model’s generalization ability and capture the complementarity between
base learners. The experimental results show that the performance of the ensemble learning
model is significantly better than that of a single SVM model, and the improvement in its ROC value
indicates that ensemble learning has higher accuracy in predicting peptide TCR specific binding.
The innovation of this article lies in the combination of numerical embedding technology of au-
toencoders and prediction models of ensemble learning, which not only improves the accuracy of
prediction, but also provides a new methodology for sequence analysis in the field of bioinformat-
ics.
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1. 51§

15 H AT S i e, Vr 2 s S TR EIRRER, oA 7V BRI I6 T Ta,
LA Yo e B S AR CAR-T AT A1, RVEIXEEIRIT JERE 1 ERIEE, (HAIRAFAEVF
2 WA FHRGT I 3218, F873 J5 BRI E T Jeg 240 M FF) 22 R A0 S R SR AL I A7 AE . BT LS BER YT
AU T TCR S PR ARr S PSS SO AL, PRUOMIZ IR E 1R TT 24 B0 v /2 15 e 6 HE Bt TR 3l F Moy
H bR JE AR B 40, T a7 R A 22 bt B R T 2B B R 5 BisPisies mas &,
A LA G B R NI R A, NN AR I SR R B TR (A

TCR R&RZ AL I NEZE L2k, ERERZE MHC 2aEMHTRE, JFEGE T 40,
MR BB B> TCR #2 P2 AN AR 22 KB (o SEAT B BE)ZHL B, 22 FEE 2 ph 2k PR = HE A
PLIRAZ A IXAZAEPEAEAS TCR RENE IR A A PRI DU, I A2 TR A5 DR AR B 5 40 P 5 T B AT
FEHIR . TCR SHUI MR IS5 A I A2 Sk R SR S R BB 58— . MHC 7 TESUR 2
B E AR, R PUR RS TCR [1]. i 4 TCR SHUR KIS AL, FATTAT DLSE 47 3t P %
RERGIIE M ZONTF R IR AL 730 75, FIREZ LA A AT DA BT TN S SR, S HE A 3t 731
I TCR H5Hu R4 SR . (HRALGHI LI TTEIERT I TCR 5P KIS & Re e PN A7 /E — L R R
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Lyl 7 B E A R R, AR BRI KB T g APa, LR T A b SE i kP4
EANTZ IR A BAE o IXAFERFE T, T ELRAS & B, BRI T X R TCR 5HUE S G IH T . JAb,
HF TCR SHiJEML G &R BRI, HILFHEXVFZ A TCR APUR TSI A sk A 7
fifto IXHGIN T S IR MR SOA, IF BT Re iR s A T REM) TCR-PUlxf o PRIk, &4 Sei i)
RETCVEIR LX) TCR SRS &R T M A T VAL o BT DARATT 5 ZER FH — b v 25 EL AR B 1) TOIU S 284 T DAR
NI S T ) JE B o X P LI AR 28 T AR I AE AR b VP AT K () TCR-PLEXT, A e A
U7 E AT RIERME,  HFI0IEOE T R A B R RO AR

SCRF AL (Support Vector Machine, SVM)& — Rl 2 2 Fik, B2 B b — AN e s ¥ 2
MR BIARFER A A 5 [2], IF BASEA 04 55 &2 BRI TR B R v e K. BAASkiE, SVM 1
PG B R AR AR T O STN. FEFEIhRETIN . g T SVM B TR AL,
FRATTAT DL R 1 Gl A B SR N Ry, AT 4 o TR PR e A P A T S o IR VN G
WEFAR At —Fp A 0 TR 2, A EHESNZAUR D . @l W T TCR SR 4 & mtk, &
ATTRT LA E i b A28 6 8 IS HAOMTLAR], oS s 2 G e R R Bt A SR S Ak LA R SR i A A o X U A
T RT DA Bh IR LA s SR AT TCR-BUE S, A s 25k i 2 o bk, e it T Geeie J fl
WA iR T R, BATATLAEA IR e . B & S MR S8, Bl ok R
BITRCR . B, T SVM BLEIT A TCR S HT IR 45 & R 5 M TS Y BA S PR AN S B 3,
W N S SR BE T AP DA U T 8 R NI R 1Y o5 i e Dk

2. 1RBFE
2.1 BEMALIE

AL HdE 2 CAags A kS TCR P41, 1 HAEBUERRATCR 71, FATRERZ TCR B 4
f1) CDR3 [X 45k, XMk iFHE MG e R 2R Ak, BRATA U I Hdis sk 3 g A 77 =R FH V) 2
e A shgmises 7, REWR:

B, AR Atchley factors (5 F K F) 5 2 ZE BRI 75 5 14T 9w, (E 5 MU RN
RV ENR . WD A 2B A 5 Atchley factors B AH /T4 #1500k 80. 4%,
A IRFL TCR 741 “Atchley 4EFE” SIS — AN SN A S gD, P EERE LG B 17
REABRET . CREES T MBS 10/ if - BRI R HE R A4\ I SCHERFE, I LA A 40 i) 2 1)
TN P 2 i N RFAIE

Atchley FiFEZ it 30 1~ 5 x 2 NI 2D BRUZABE, EEMH “SELU” REBeE, Ragddtt
HH—ZF— 4 x LiZE) 2D Ptz . BJE 25— 2D B, BB 2014 x 2 Wi, LU
A A B A — L E R0 2D P E . et S, FEREE O — N PR, RES—ME 30 A4
METORIEEIR, i “SELU” sEuS, B4 2 dropout rare v 0.01 f) dropout /2, PR —AME
B30 MHAITTHIE LR, X2 H RIS AR SUZ . FERNE 2 BT B E MR, R R L f) A 2
B4y o il % B M N 5 AR S i e 430, B Atchley 45 RE . Y25 FE46 S 1 5 4 i 2% 25 24 N\ Bdi
R FH 8T B (0 B8 ) AR AR LT G S5 o YIGRSE U S 75 B Bhgm A% (10 f /N A TE HE 2 ORLA0) T % i S5 46 1y
FIIH 30 ANMFRLE TCELT [ EHRA -

BATEE B AR AL S TCR MEM LS TCR, WK 1 MK 2 aJ&nE4H TCR S5 EM K TCR
SIKJUPARR. B 1 38R T E. Atchley K745, SR TCR, K 2 &R TR, Atchley [H T4
fig. HEM peptide, 30IE T 1% HANGmAGEE . Fr AR HT AT AL, KR DUE I IR A DL — e RS S 7 2
H, TCR MW LLEH, EM 1 1% A shdmidas i Ihil gt /T HERR -
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2.2. SVM &8I

SCRFIFTEAL(Support Vector Machine, SVM)72 — 4% I8 % >] (supervised learning) /5 2Uxt #odia it 47 —
J643 2 (binary classification) 1) L 2kt 4325 2% (generalized linear classifier), 5% i1 52 ) 2 =) REAR SR i
F) e K321 BE 8T T (maximum-margin hyperplane). SVM 1] % £k 1 A AE R P S 3E 4T 20 25 . Hese S i,
TR HEE B M oS FRREL ESCRE R R AR SR AL SR &
PERT S if, SR R RS S A B TR R B B KA, A ) — AN R 288, RIVERIAIRR SCRE B
WIZREAR 2 AT i, Gl AR T SR ARG B KA, 5 ST R S e &AL

Original TCR(Amino acids): CAISESQGNTEAFF Original TCR(Amino acids): CAVQPGQGMQPQHF
Original TCR(Atchley factors) Original TCR(Atchley factors)

=

Reconstructed TCR(Atchley factors) Reconstructed TCR(Atchley factors)

Figure 1. Comparison chart of different TCR treatments
& 1. A[E TCR AR EHIT EEE

Original peptide(Amino acids): ATDALMTGY Original peptide(Amino acids): TPQDLNTML
Original peptide(Atchley factors) Original peptide(Atchley factors)
Reconstructed peptide(Atchley factors) Reconstructed peptide(Atchley factors)

Figure 2. Comparison chart of different peptides processed
2. 7= peptide 43R ERISTEL ]

2.2.1. WEPRZFFEEH

YNZREE T LA 2R /3TN, FRATTAT DABE A — A I A, it S DA I B i K AR 0 o 5 KA
[3]o XA H AR i/ ME— ARG XA R P AR — R R T 12 1%,
RETRIRERIRAN: 55— A AT B IRINECRT, X B C 2 — S8, R REEHIX M 73 BT .

LHGRAE R B GBI L, B BIRREE 5B [ B AT R AS s AR A 17 2 1 9 AR L i
MR, HAFRTET LMERMARE. ibZEBIRZAETI,

WS C R 2 C AR RN, B SRR MM, (T FEA R RE
AEREIRIRE LA, Rt R 2 M m] 7 SCRF RIS B[4]. 24 C BU— A BRAEIS, R 2 7E 8] BRI Fe v
{3 5 1] el PO Bt e B3 AL AT AR, I A Mk SCRF R AL O
2.2.2. EMFREN

P ARSI BN, HUNGREEREIE — F EE& DI, JATE %37 R AR B [5]

A% 1 R ABRE R i A\ B WS 21— A s 4IRS 0], (AR R A g A, BE AR 4k ml 7
[6]c XAMLAIA B HARMIZNE SRR BN 4, (ER LR F MR BN R RIE WU J5 1 i 4RI 22 7]
T, B RARZE S AL [ A AR R R AR A R A AR R E R, BT AET 1k
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2.2.3. R

AZ R B GIN, A W] 3 (B W B — AN i 4 R AR 23 (B A, S B R R 25 ) P 2
Ao, E LR EAZ R A 2K R AR ) R R S(RBF) % R 3 [ 7]

R MR R EL(Linear Kernel): ‘& HEZHATRME S R 2R MENFUIZ B, &R T &M 2 & B8]

% W% R 45 (Polynomial Kernel): 22 A% bR £l i 1 S0 et 21 e 4 2 1) Hadk A7 2 T 20s SR Ak
PRARLR M ) R [9]

e 7 4% ) 32 B B (RBF) % 2% % (Gaussian Radial Basis Function Kernel): RBF 1% e %2 ¢ i I HOA% B8 5L
22—, WHA LR, BB L 3T 55 4 R REAE 2 (] [10] -

23. EWFS

FRATTR R R B >0 v (R HE B V2R T peptide A1 TCR HIHRr IS5 & [11], XM T IERIAZ 0 AR 2
AR E S BRI O0 Sy, e e AT TN 25 ROR S iR Y (K2 AL e 77, 1T L R DA RO fie 2k 27
AR Z AR EAME, T3 s B AR e .

HAEREE B B As KE RARS TCR AOEUE S 500 K & I D9 RAAERE B PR S Kt 46 7 (14 1abel
TEbR%E . Hk, R BRI ZREE A AR, MulER 5 B AR 1 20%, JFBLEENLR T, BIRERK
RN R B RIRINZREER 009 6 Hrdb AT 22 ARE, [RIN A PR A HAAE RN B v (0 EL B AR 81
TR, BALRA T WAy 2L TN peptide A1 TCR HIRF LS & o

H— A RS —AME R SVM BIRL[12], BUE RSy linear, LA IIZREdE, HAR R
FIEDNGUER B EAT T, 15 SR R A B b s <

S AR SRS, BATESE T =M R AR SR FENLSVM)ENEEESTEE, Al A%
SR AUZ AN L AN . TR 8, RN & TR, 55— g RSRIE, #E1T
AEX G . IS AEINZREE BN ZRAE ARG SIS BEAT TG, A AP0 235 RA 1 N ZREE I TCHHIE . R,
XA SR RPN A5 SR AT 7 2, M St SO ISTET R . 5 —J7i, XEFouE A il gk, e S
1 SVC Mz Hzla))a, HHMBHEREIRRESHAS, FRIRAINEESBA G TR E 8.

Receiver Operating Characteristic (ROC) Curve
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Figure 3. ROC curve graph under a single SVM model
& 3. #— SVM tEE Ty ROC HhZk[E
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ROC Curves for Stacked Ensemble
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Figure 4. ROC curve graph under ensemble learning model

4, ERF SRR TR ROC pliZkE

BATVL TCFE S ERAENGREE M O RFE FEIT ISR, o) B2 S B sC. efa, I ZRiT oG 2
FEAEMARSE P JCRHE AT IO, THEBLR O UERf A . E—D ML, FRATTHE AN R ) SRS B AL
ROC HiZkA1 ROC 1, fn &, K 3 dridrefigh SVM BB R il peptide A1 TCR 4 1k 4541 roc il
2, [ 4 RAEENF SRR TN peptide A1 TCR HI4F S PESE 611 roc #IZR, AR 9 Fl it 28 LLTASG — 2>
AT ()1 B

3. &R

TER— svm BT, BUERHT TR G BESH, HRASFHABAE, roc A 0.66.

AR A IR, 22 51 8% 110 roc B8 0.66, FE22>]4% 2 1 roc {6 0.66, FE22>]2% 3 1 roc A
N 058, G, BRI roc M ER 0.76. TTLLER], HEMEESIBIA M REEL LL B — (1) svm 45
RUPERELT, TR peptide 11 TCR HIHF RS & 10 IET R =
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