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Fig.1 Schematic diagram of adaptive immunity
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Fig.2 Schematic diagram of antigen—antibody interaction
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Fig. 3 MHC-peptide-TCR interaction
E3 MHC-peptide-TCR tHE/EAREE
P& 25449 4 1E6 TCRS5HLA-A02FIFAL IKZE S AHEAE I M75 28 (PDBID: 5C07 '2'), Gt NIZEHSHIA T S WHLA-A2 afif; 4%

EOIKEL, BITARRAL: B E N THRZ okt BENTAHRZHPEE.

2 BARERERAMATNIA

B 20 470 St o U T 2= — 28 0 T i
JRPLIE P AE B AR AL AT TR X 28T
HBY A RIS T A RSN 53 Tl P S 3 N 2
AOBLI | BT S BRI R IR T SRS

B i Mgt B e (o7 T ) S BN ST 55 2 — 1 —
SRJEIRNE,  RIRRE S T8 R R SRR AR IC AT
RERYR GBS AR R AL . FE i MES T, Yk
R SR BT R B A R (— 3 =4
PSR A] R  ERR N EE 2 ()RR RS A ) AP
PR (RN Hf . BRPESE) AR
AT 0, DI E o A Bk 2 > e X 73 2
JRUF 8] Hh ) A BRI T B AR (6 ) T REE

MRAEIN Bt LS A A B AR, B 4
AT e o U T BT DL o iR 328 T SR T
PURFPSIR B AT ISR A 0 TR, . BT hulaiss

P B B 2 AT S 3 A 000 T LRI S B 4 i
ORI T R
21 ETRFIIMBAMRGTERATN TR
FTIPA 0 B AR AL TN T HZ A &
H B SR BT BN — 2R TR 228 TR
AL T B —F I, AT 2 = GE25H
YIZREEE T8 £ 2 C R B iR e 9 AR
Feol, i SRIBGX SRS A A AT . AL
B IRV R AR, FRAS A B EIRTE P S Y
L KON VA= N o A 2 A NE EFSE o N & e S D E
RESERAE P A P RYERSE , SR R AIBLAR 7 ) iR
JEAE )5k, ] BRI B AR AL AR R AL 51
Z IR APRFIEZE ST, DT TR ) £ 1 50y 47 P el g
A B AR HTIERAL 0 R 1R TARIEIT A
FT AR B AT TR, S45 T HAT
ST RS AT 57



+2536- EMUEEEYIEER

Prog. Biochem. Biophys. 2024; 51 (10

Table 1 List of sequence—based B—cell epitope prediction tools

F1 ETFINBAMMERACTRNTASR

THA &3 s FHAIE 873 ROC-AUC
Fhy FIRFREES kA
Epitopia ['3! 2009 260/NA RS A8 P 2 5 1 = 4R S M B P e 9 T e S bR DU o 2 0.59
P X 45
CBTOPE ' 2010 187/52 fER T ZFRAER B v R B R B SRR SN (SVMD 0.90
(BPP). W34k =K 6 88 (PPP) AL (¥ 4H
A5 (CPP)
BepiPred-2.0 ' 2017 155/5 AT RARERR Gk Btk X RE T & BE AR PR 0.62
PE (RSA) FIZREEH (SS) ZE4FAE
BepiPred-3.0 ['81 2022 1 466/NA P B 0 S AR A DASR i TR M A . AR AE ESM-2ER B SR 0.77

TR ALY R B2 2 AL ) T

epitope-1D M1 2023

154 899 HHlE mi/ 2= T I 8 A 0 PP 91 26 44 R LR AR RU0E B
30 980 HicdiE i SRR RN LA A X 20 2%, AT DURRRE TN ph SR

fif R G B ALAS (EBMD 0.935
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BT S5K 0 B 4 i e = o i T B2 A & E
Jo ) = HES5FAE B A T o X8 T HG H i 2R
5t PDB (protein data bank) "' HE4E A A ,
SR I A I 53 BT B BT I S5 A R AN AR LA E AR
B, TNE P ] BB AEAERY B A B R .

R T PDB T i R 1 25 ElE, HETe
ZRF T RZIETEMW BRI T H, 5
A BRI EAEAE, PDB AU & 6 & & 1 i
M) = HESERIE B, G bR . FRELZ ] 1
KRG, TR ARG RN E WL, Al
PV F itk 59t Z e A B AEH . B
PDB %45 B A7 B 9 B0Hs o f 2 e, X Sk
PRt AR R4 2 A A5 ]

TXATREA IR AT DL IO i A 1 B 25 )RR AT

BRIEAFXNTIS AT Stk | SRIEMIEEJE M . 3T X HERE
HARRRIE, LR 2 o) B S AR AE B MR 22
S, DTG TR 0 4 1 RS R v al BB B 40 iR
Felio SunfE PRI BRI = AT K A BEBRL”
(IS, $EH T —Fh 7 SEPPA R RAF B 1l =
T IR 2 (8] 5 5% . SEPPA 2.0 ) @ ok A TR Z8
% (ANNs) F3EILE T AAindex (2 LR TS %50)
[RFE. SEPPA 3.0 2 it —254 78 T HiSE b = ff
TEFIBERLAL AR G/ AAindex, [ T 240, H
b 7B S A8 2 1 497 G Al 2 1 RN 46 R AR T 55
FAIMFIE, HATCAH SEPPA3.0 % & B 5 &1
(AR R [ RS, PN, iy A A DG B 1 o A o) 5
WRRERE K . 2 245 T i — LR T 454 ry il
Tidie

Table 2 Lists the structure—based B—cell epitope prediction tools

x2 ETHMNBARERMLTNIATIR

THA e A7 ROC-AUC
Ffy o MRS LR
PEPITO ¥ 2008  NA/215 3 FEUBEMA W5 F 2 P B L BR R B I 1%, St & NA 0.754
TR 5
SEPPA U 2009 82/119/MNFKMAE B kI “TRE= ML AL BT e, FIHEEER NA 0.742
I 2R SRR 2 R R T A R 1 TS 43
DiscoTope-2.0 7 2012 75/NA R T HiiI 2 10ARIE L, A 2 BRUR 25 45 Jy 36 fir I B 7 1% NA 0.727
SEPPA-2.0 21 2014  314/42  HE 7 KA FPUR IO TEANME A RS e IR, SIAT SeE S| 0.745~
FHXS AT R THAL CASAD 1) PR AN 2545 U AL R 1 1 i ¥ 0.823
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#R2
THA K& NG =RTR ROC-AUC
Fy MR (G4 CD)
SEPPA-3.0 31 2019 767/236  4IXHHE R A A4S IR AL TRINGEAT TR, 51N TR i EA 0.749~0.79
= AT RE R AR S S R R U B I 7 2588
epitope3D 29 2022 180/65  JFARET BURRE AR R AR IX 43 AR AE R AT X 5k AdaBoost 0.78

SEMA 71 2022 783/101

TR T PR — P I =R R BAIR R AL ] EAUE SHRAESM-1v - 0.76
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IR . i T2 A4 G i 45 7 A
R T Z [ EAME . X P07 X 4%
T EAF RIS RAE A TIA, Jf B2 AE
pauiiiohapt =N E R A
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JE X (CDR) B HeZ [0] () 08 78 A R A7 P41,
PR GS FEF . Desta 55 0 i —Fh 3L T
ClusPro 73 F %42 T H BT IARRE S b Jt 26 407 5% 2
T FT 43 F ?fb AbEmap., DeepMind 5 #7 & i iy
AlphaFold3 ** G4 1 i 47 AE A 4> F (BRI .
]WARM>MW£)M K R AR EAE
AlphaFold3 7 HAb A= i 43+ F0il_ERCRARGE, il
25 223 (local distance difference test, LDDT)
I AERBINH 0.8, TAEBUIARPT R 9 AH BAE A B2
BAATEAR-EHRAAHZ/EHMHEGE, LDDTY
AEIAE 0.4 2547, HFREZ A4 RRIL B R
R, XEWREDURPUA R — SRR 8 A -5
JRAE AR, AlphaFold3 AR REAS I T J7 IHi Y 7
W, W IETF BB TSP E ST A B AR ) i
ML . 3R T BETAERPUAREE R B 41
F7 P T H

Table 3 List of antibody—specific B—cell epitope prediction tools
F3 HEHREMBARIRERATN AR

THZH  RE NGE RHIE GAVR ROC-AUC
4y ML CGrkA)
EpiPred 11 2014 148/45 !EJrXJ%%TMZISE@%%ﬁ?)ﬁ‘JEU, VA B4 R T, SOl LA S A T AR A AR AR NA
W ot 45 v 1y 4 Fuds-HiJ5 P4y
SEPPA-mAb B2 2023 860/193 f£SEPPA-3.0Fijll% S'EH’J%ML FETHR S BEHUERL % A7 XGBoost 0.774

PEYUI EAMIGE X (CDR) BEHZ (R {HE ELAMEREAT VT 43

AbEmap B

AlphaFold3 B 2024 NA/65
FIARAEW T IE . BER

2023 4021 SCHFFMBURBIXAT &S . R s AU AR IR T 0T 46 A B #% (PIPERFRT) M 0.736
TRMFRAL, SRR T MR 5 AN B - A B i Y 00
BB TG AT R N B ARSI 2 7E N Y Diffusion Module. Transformer NA
T EAR-EAAEAER . EA

[R5 dA (MODELLER) A

JR AR TR Y DA - JE 00 ) v s e o A5 T A e

Jridi, ATLAREER AL 2 1y (S R

NA: KK,
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3 THHRfUERRAMATN IR

T 40T IR0 T T 5 B 4 et I = 13
T BT B ARASTE, T 40ht R & T 41
PUONMZE G 0 RE KB, 5 MHC/rF454,
B T AU RIS o 238 T B i AR fr
RRA B, SRTIEA TR e 4R MHC 255 42
EECE R E I TCRIR G 5 HE G P, e
Ayt B et —Fa X, DR =
R T 20 B 57 A8 TR S RIS E () B AS sk a] A
I B b e SR A K, R 25
VIt ek fE
31 THRRMKSEMHCESRERMN IR

HHErc A ZFh o T2 e & dick, HFH
T 4ifE A K S MHC 43 FRy4s & MR . Xt
T HAd A B S8E B R R, A dEHLER 22T |
REES2 2] . Geit ek

P& AR K (DTU) A5 B b oIf

&1 NetMHC £ 41 P, J& H i T iz i i
MHC 5k&5 & T HZ —. R85 T2
NetMHC , NetMHCpan , NetMHCIT Al
NetMHClIpan 7, 35| HI F#iil MHC 125 F1 MHC
11254 7 W K45 4 . ODonnell 258 JF &% T
MHCflurry, i FIALAS 7 IR TR MHC 126531
SRS EEMT) . B T P AR S
1N Ry 4 F2 # 11 (application programming
interface, API), REME PR /5 2% Hh 1 A7 A ABE 9o
. MHCflurry 38323 5 FH RS 4 S 30 B DIl 2
AL, SR T EDRE R TN 4SS . Shao 5 B i IR
Ji 2% 2] BORU SR FU MHC 12881 MHC 1128431 5 ik
%54, JFA& T MHCnuggets, 272> fEANHEE
FeBOE A S AR LS R TR B A, 15
MHCnuggets GE W% HE1IL & Eaf A 70 . 122 T Bl
BATHEMY TR R, R4BR T HETAR
A5 T AL FR K S MHC 25548 2 1l T HL .

Table 4 List of predictive tools for T cell epitope peptide binding to MHC
R4 THRERMCKSMHCESREFTMITATIE

THAK &3
A

PNZRAR R A

HFE 7S ROC-AUC

(©'4 /G D)

NetMHC-3.0 7 2008 6 452/3 104

NetMHCpan-4.1 B71 2020 13 245 212504 £/NA

TR, DERAETHMHC 28 N THEMZ% (ANN) flfEE  0.86
TR A8 A Ik BEA SR AT )
FRAEMHC R FIIRSE A T, 45 NNAlign MABL#§ 2% S HESE 0.95

7 BV HRE (PSSMD

BT (MS) e i e AR H g A
A% G ik -MHCZE £ Bodi DASR v 0

P RE
NetMHClIIpan B 2020 4 086 23044 A/NA

FRHEMHC 112590 T B K 45 & T, NNAlign MANLAR 5 > HESL 0.89

RS EAL LY/ G iU NE SN N
oy B L SRS B-IMHCY

FHEAETIN
2020 493 4734MS i) HdiisS B4 TMHC 12R45 456 )1 (BA) [RMAE M T AL 091
1219 5964 EA M E R M AHLEAFE (AP (TN . A8 AIBEl—MHC 1259 FBATH
H/NA 5 0 7 1l TN MIHC 550 5 DX (1) 280 B 0 28 A0 AP CHU Ji b 3D 7t
R 5 A7 s R A P 2 s JFIE L B ) A R
XS 1) %
2020 241 553N ik - 25 47 5 K6 i 46 TIIIMHC IZRANTISE AL B (k45 K 5 3198 12 (LSTMD 4l &
FEEE SRR I HAE 96 2114 Ao FIHLSTM#HZ X 48 Ab 3 AZ K1 R0 2%
Jok - AN 5 DR (1 4k /26 888N HRART N o SCHREF A S5 A 25 DR 1) T o
1C, W = H Al LB A G A SR AN T AN B HL Ap £
ip Qe

MHCflurry B*

MHCnuggets B} 0.924

32 THRERMIKETCREGE NN TR
TH I T 40 Bl 22 157 Ik 5 TCR 454 6 J1 i T 2]
PIMRIELS & WIPT R 22 IR 51 FAH A5 8., Ptz ik

B m S E TCRE & AR L, X MEFSdE
— PRI, BB E A G S TR RIbRE
E U AR S B T AL S R 5~ (45
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o Ml D Ir ol W AT TR0 HAREE, Wiy
FUARLTE . WYEAE A PR AE, AR5 AT LERFAE I
Gror et o MITRBE - >J 75 7R W AT L2 s 80 g i~ ~J A
FEAI BN A5 T A MR OC AR o BRI 20 1 ) R B
MTCRFHI, B ENTRBREGL A X H

REJINT TR T AR e N A I BILE . BF9E F B A
JEPEBRE LA BT A e e T A A R
Mo RSERT HETERWTH THMEEAKS
TCRZ5ARE S T T H.

Table 5 List of prediction tools for T cell epitope peptide binding ability to TCR
x5 THEMERMMKSTCREA NN ITETIR

THRAR kK Y rBe/ MR 4R FFE ik ROC-AUC
EA kA
NetTCR 2.0 MY 2021 9 2041NCDR3BFFIHI2 744 FIMTCR SMHC-IkE SRS & . T —4EEBIZN% (1D CNN) 0.89

ANBCT R EE /NA

RGO R A RN A Y

ERGO2 M 2021 MCcPASH! VDIdbFITA LN #E R T TCRF oM CDR3F 4, VAT KAEHHCIZ (LSTM) ML A H 0.7

HHE/NA H, PLRTAMZER (CD4+ELCD8+)
F CDRIFNZLAL 741 (PG R PR R e BRI 4% (CNND 0.68

ImRex 7 2021 19 842/4 101

Jahgdy, ZJZEFIPL (MLP)

NG, XA I5ER e T NEA

FRST A N H R
T TCR 5pMHCZ [AI 45 &4 5Pk N KB D24 (LSTMD FldE  0.827

pMTnet ™ 2021 32 607/619

FAIER 24 51K F K B TCRAIpMHCH R B H 2w id 2%

Panpep 1 2023 23 232/5 230

Bt HI TR TCR S B MR AR IK A GR € » T05% ST RIR 2 [ R L 0.734

SR BFEAR ] (few-shot) . EFEAR
2% 2] (zero-shot) 1K £ H bt A % )
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Abstract Adaptive immunity is a critical component of the human immune system, playing an essential role in
identifying antigens and orchestrating a tailored immune response. This review delves into the significant strides
made in the development of epitope prediction tools, their integration into vaccine design, and their pivotal role in
enhancing immunotherapy strategies. The review emphasizes the transformative potential of these tools in
refining our understanding and application of immune responses. Adaptive immunity distinguishes itself from
innate immunity by its ability to recognize specific antigens and remember past infections, leading to quicker and
more effective responses upon subsequent exposures. This facet of immunity involves complex interactions
between various cell types, primarily B cells and T cells, which recognize distinct epitopes presented by antigens.
Epitopes are small sequences or configurations on antigens that are recognized by the immune receptors on B
cells and T cells, acting as the focal points of immune recognition and response. Epitopes can be broadly
classified into two types: linear (or sequential) epitopes and conformational (or discontinuous) epitopes. Linear
epitopes consist of a sequence of amino acids in a protein that are recognized by B cells and T cells in their
primary structure form. Conformational epitopes, on the other hand, are formed by spatially distinct amino acids
that come together in the tertiary structure of the protein, often recognized by the immune system only when the

protein folds into its native conformation. The role of epitopes in the immune response is critical as they are the
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primary triggers for the activation of B cells and T cells. When an epitope is recognized, it can stimulate B cells to
produce antibodies, mobilize helper T cells to secrete cytokines, or prompt cytotoxic T cells to kill infected cells.
These actions form the basis of the adaptive immune response, tailored to eliminate specific pathogens or infected
cells effectively. The prediction of B cell and T cell epitopes has evolved with advances in computational biology,
leading to the development of several sophisticated tools that utilize a variety of algorithms to predict the
likelihood of epitope regions on antigens. Tools employing machine learning methods, such as support vector
machines (SVMs), XGBoost, random forest, analyze large datasets of known epitopes to classify new sequences
as potential epitopes based on their similarity to known data. Moreover, deep learning has emerged as a powerful
method in epitope prediction, leveraging neural networks capable of learning high-dimensional data from vast
amounts of immunological inputs to identify patterns that may not be evident to other predictive models. Deep
learning models, such as convolutional neural networks (CNNs), recurrent neural networks (RNNs) and ESM
protein language model have demonstrated superior accuracy in mapping the nonlinear relationships inherent in
protein structures and epitope interactions. The application of epitope prediction tools in vaccine design is
transformative, enabling the development of epitope-based vaccines that can elicit targeted immune responses
against specific parts of the pathogen. These vaccines, by focusing the immune response on highly specific
regions of the pathogen, can offer high efficacy and reduced side effects. Similarly, in cancer immunotherapy,
epitope prediction tools help identify tumor-specific antigens that can be targeted to develop personalized
immunotherapeutic strategies, thereby enhancing the precision of cancer treatments. The future of epitope
prediction technology appears promising, with ongoing advancements anticipated to enhance the precision and
efficiency of these tools further. The integration of broader immunological data, such as patient-specific immune
profiles and pathogen variability, along with advances in Al and machine learning, will likely drive the
development of more adaptive, robust, and clinically relevant prediction models. This will not only improve the
effectiveness of vaccines and immunotherapies but also contribute to our broader understanding of immune
mechanisms, potentially leading to breakthroughs in the treatment and prevention of multiple diseases. In
conclusion, the development and refinement of epitope prediction tools stand as a cornerstone in the advancement
of immunological research and therapeutic design, highlighting a path toward more precise and personalized
medicine. The ongoing integration of computational models with experimental immunology holds the promise of

revolutionizing our approach to combating infectious diseases and cancer.
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