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[ Abstract] Artificial intelligence methods are developing rapidly in the medical field.
However, the effectiveness of model training relies heavily on the support of sufficient sample
sizes. Due to various constraints such as privacy, security, ethics, and costs in the medical field, it
is rather difficult to obtain a large number of labeled training samples. Problems like the scarcity of
rare disease cases, the lack of biological data for drug molecule mining, and the shortage of high-
quality annotations for medical images significantly reduce the ability of models to learn from
observed data, which in turn leads to poor prediction performance. In this context, constructing
efficient learning artificial intelligence models for small sample data is of far-reaching significance

both theoretically and practically. On the one hand, it can help to explore potential patterns when
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samples are insufficient in the early stage of new research. On the other hand, high-quality models can effectively

reduce the cost of manual annotation, shorten the research cycle, and provide opportunities for solving

challenging problems in medical research where it is difficult to collect a sufficient number of samples. Driven by

both the expected advantages and actual needs, the research on artificial intelligence for small sample data has

gradually become a highly anticipated and important research direction. This review systematically collates and

summarizes the principles, advantages, disadvantages, applicable scenarios, and principal challenges associated

with six artificial intelligence methods currently employed in the context of small-sample medical data, namely

generative adversarial networks, graph neural networks, transfer learning, reinforcement learning, and Meta-

learning. Furthermore, the review provides an extensive outlook and in-depth contemplation on the future

trajectory of artificial intelligence methodologies in the realm of small sample data in medicine.
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Figure 1. Basic architecture of the GAN
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Table 1. Comparison of the advantages and disadvantages of Al methods for small sample data
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BN, MCHIE RS I 2,

2.2 BESERTE
SIS Ree) AN (s - Ry T ) S I b SN e

PR B AR BOMEAR A, [T 2R e R B oA
XFELD SRR R ZH 3 (the cancer genome atlas
program, TCGA ) "' JESRAE A5 (14 F ZLAH R R,
EILRREAE AR D | REA A AN S5
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Table 2. Research on Al in small sample pharmacology
e gy Jrik Bomas Ok A Homen
A
Zhang " 2024 SRS SHBMASLHT  HyperSynergy 85 UM A A AU AUC: 74.12%; AUPRC: 53.65%
LinZg© 2023 GAN Mol-GenDA 100 FEEGANAMZIY4T40 QED: 0.76; Diversity: 0.87;
fi N EZ e Uniqueness: 0.26
Feng1™! 2022 AE, GBDT, MT-DNN  Joh§ikdns 61  TINAT R SEM S R-GBDT: 0.68; R-MT-DNN: 0.74
JBTHE A
ShenZ5"") 2020 GNN, GINVAE MoLGNN 372 ik Janus PEEHESZ5Y)  AUC: (94.50+0.30) %;

AP: (89.20+0.50) %

E: AUPRC. PRWZ F@AR; QED. Zhih4Rfillt £ 23F4F ( quantitative estimate of drug—likeness ) ; Diversity. 4 m T % H 1 3547; Uniqueness.
AR FrE—3E4R; R—GBDT. GBDTAEA Pearson4f % & 40; R—MT—DNN. MT—-DNNA#E# Pearson—48 % £ #; AP. F345# % (average

precision )

Lin 28 V31 7 — Fh gk 4 Wasserstein GAN
(WGAN ) SR ph M5 ( deep neural network,
DNN) (9773, FER T/ NbRic & 0 JFF 40 g 73
WIS, %05 Bl ad GAN Ik Ak iUREAS Bl
B A BCEE A I 25 DNN 4328 2%, SEBLT i
% iR 1 Hsu 28 TV T 3L T Wasserstein
GAN P IR B2 XF T £ PE 18 58 ( deep adversarial data
augmentation, DADA ) 77 1%, TE TG Wi JIl 2k N 4%
O B0 T B ) T e R U 2, JC A
FL MR i B E W 4 S 1 A2 A7 (disease—specific
survival, DSS) Fi LB S5 Wei 26 7 FF %
T I TFIRAIE L Y Gene—GAN L7 | 5 i & 43
I SRR i 2B AR AS I AT SEPE AT AR e v, A
FAPREEF- R I s AR AR 7, S0 IE AR R e S
B8 538 9 R 23 2K 07 HLHAT Al 475 Protonotarios
SV FSL AEE] U-Net 2844 h, TR AT
RSN Z AR bRkt o E, SCHrs)
B RO AR LM 2 ) I %, RerdE
FUR SRR ARUA L, DA AR S A AN O R
BT/ INFEABE BOIRRAE 7328 S TUR AH OGS Gl 45
WA 3.
23 EF®HK

B 2 5 AR U T i 114 e SR A5 AT 7 %o A

NIRRT IR RBFEAS . X T — 2R 1Y
VR 1 R o e A G4 NS 5P S W B R S N
PR ARAR LRI MERE ALK, MELLSC B B 2 05 11
FEARTEAT o3 HT V00 TRIEE, A8 1 N TAR A AR
7 o e TR/ A B e = o N0E S i 8

Frid—Adar % " i Fj DCGAN Fl 4ff Bl 43 2%
GAN & JUR 22 &, A B TE T CNN X I ik
I A5 AR I 43 2880 A Bai 58 7 R AT Segment
Anything Model 2 (SAM2) A2 12 & J1Bi e J
AbPEERS SR RIRE ST, TETCH O YR AL T 923
TR B R 438 Lin 55 7 R 1T RE
S 7 T Transformer [ /NFEAS R 27 R 43
BT HE SR CAT-Net, A0 55 RS M A F51IF 42
( mask incorporated feature extraction, MIFE ) T
W (FH T $2 IR0 5 A7 ) A1 SRR AE LA R AR RS )
A SR B 1 #2% (cross masked attention
Transformer, CMAT ) 53t ( HFA RIS RFRAIE
FHE GG ), BN CMAT BIEE T/ INEA B2
MRS EIVERE ;s Ding 55 ™ 51K 090 $1AH A
HEREJJ (eycle-resemblance attention, CRA ) &b,
FEOMMERHPLHR, 1 T MRLACT BRI
IIRIRCR . BT INFEA B 1 B 22 S AR IS
BEEILF 4.

R3 IMNEREES LR BUSHIAIRRR

Table 3. Research on Al for small sample cancer classification and prognosis

BT ARy Ik TR 22 %”%% H i IR
FEAS
LiuZg7 2019 WGAN, DNN  JeHeikanss 47 FEREST RN Acc: 70.97%; F1: 70.07%; G-mean: 68.39%
HsuZ5™ 2020 WGAN, DADA wDADA 465  FLBUEHEDSS AUC: (75.38+3.28) %;
o Cl: (65.07+248) %; Acc: (67.26+278) %
Weig 2022  GAN, CNN  Gene-GAN, 10 JEREsr2R MAE: 0.150 £0.002; Acc: (89.20+4.60) %
Gene—CNN
Protonotarios?™) 2022 FSL, U-Net  FSL U-Net 56 fEEGE] Ace: (9927 £0.03) %; AUC: 99.30%

VE: Acc. fEAH % (accuracy ) ;3 G—mean. B & F 8 JUT-F31A; Cl. —H 4547 (concordance index ) .,
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Table 4. Research on Al for small sample medical images

i AR ik A2 R YRR A H T EES
Frid—AdarZE" 2018 GAN, CNN  CNN-AUG-GAN 182 JH BSR4 2 Sen: 85.70%; Spe: 92.40%
Bai%" 2024 SAM2 FS-MedSAM2 30 JEFR B A R 43 DSC: 93.95%
LinZE™ 2023 Transformer CAT-Net 35 S I 2 R ) DSC: 79.36%
DingZ! 2023 CRA CRAPNet 30 JUE S I 2= 5 4y ) DSC: 79.79%

E: Sen. RALE; Spe. 471 DSC. Dice &4k, AT IWELMERKEANMENYEE T k.,

3 INEAREIEAITT AP

558 AT BT A /R A B30T v 2 B 45 KR R
%, Bt TT B4R T T i AR X — Bk, AW
PETRALLE /INFEASE T ReoE MRz AL RE ST .
BEE BT AR A, ISR IS R4 2 e
3.1 INEREEE AR

FE AL SR, A ER/INEEAC I ) H R TR
LA 5~50 ANFEAS (15 A0 R 2
IINFEAKE " RS E DT, AH FSL Oy kAT,
W B AR E SRR R, RIS
PR IELEJE IS D, MR & < logD B, HIIA
SRy IMEA G o ABAESEBRR R, EAA ] R
BN VA INEAR S S, AR LT Tk
FSL AR, X —mE A B, = /A H A3
FIPERIBRIE . e A3 DL () BRI S AR T, 4%
HLYT A/ INREAR [n) U BT 24 5% A, {HL Bt T o)
O WA E IR i SR FE R, Rl REA7AE
ANFEASTR L, Yl TR EE 2 I B, G
BRI SE R SR BT T, IR AR
HERfE B R (R RS ) |, Bfia
JUEBIREEA, L IE S A (R R H B, X
TRV GRS S R Uk = N o7 N T 7S | AV
FEAR (AN 45 A SEBRAI T i, 4 o H— Bk
5 S
3.2 INEARZFEEEBHES ST EHEL

A FEM FSL ik, e R 25T
fifp e = 2F G ) R, B R A FSL 3 2 A AT AR
RS A — AT IR SO | A AR
P AL 3, R X INEEAS Z2 IR EE R T I 43 AT
FYBERIER R AN X D SRTT,  7ESEPR R 2F 40k
WG, BTSSR REAR R, W S
SeT e AR A v RS Bk, BRIV )
HEIREA P RRE B . % [/ —FEAS A ZAFA
FERZ R IEAT A Mrir, A L ae i A 25 £
B EEAE B, DA R4S B IR 1 R A 3 e A

BRSPS T S, WG 2 R Y
BT 5 R A KA el e el e, o i
DL B 2 A o 1 S AR AR (visual language models,
VLMs) , XS TR (EREL
AT ) FiE SRS (U SCAR e g ) , i
A VLMs 045 VILT . CLIP . Visual BERT A5 551 51
BRI, TE/MEA UL TR 2R R MG 24
B Z R0 o A UG, BTG 9 FSL AR Y
AR A SR
3.3 HWEINEARBIES AR AMIRF A
~E

YT AT B R D) AR AR T 3K
. SR, TEBHEARIEOLT, U KRR
A Se 5 R R B R @A, Segn iR ds 1y
SETEREARUSCAR AT CAFAE 1Y HL5 P ff Y [m] U 5 1Y
FE AT LU BAT AR U 0 A ) R A a4
TSGR A P 28 AT AR A . Bl R A =2 il
N2 4. (RBhIX S 5 E, AR AR 75 /MR AR
B AE LA Mg Ay A ) HERRATAI T, AT
SRR BB PR TIE AR TR X A A 7 400 7 S A A 5 2 LR
RO AER NS T FSLA R 7, A a] ) i 2 <A
P REIEEH B, 2R fe R HGX
FARB A, SOZ DR e g0 HRF A AT 4557
R2F ) i A, SRR, HET, 7E/ME
AEAE BT, R SE 500 R B R b A ) ST
B AT IR AR R . R, B S
PRSI HIRTE FSL B () i B SR A bR
SC, T R RN AS R, RS E —E
L% S35 1)
3.4 IZNEXRHBEBREBEILHI®RNAMNE
5N 3E IS IE

gt EALE S eIy, REYIZ:
FEAA B FRIRL2: S8 i e LA, HAE TR
BRI SR B AR A R S 4 by A 2R D i 2K
Poirh o PR, 38 RAEASEE U h 4 2 S A 5L A
i, BRZPARZWEZ 5N, R, FE
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FSL s, A28 . 20 N2
FER . AR B AN 2 R e M o dob 25 4 T A
BRRE, FEOBRDS MR R L IR ZE R
O REASRRE Sz ALRE S 55 P, X — T A
REAE LA B AR RRCR s 3 —Jrmm, RIEsisl
BERRI R, T R E X o SR
G EAHL IR B e | BIRBIEA R E N R,
S5 R SE BN T EWARBE . X T B AR ) A
UMM S, PP 2 AL BRI Y B AR
HELE TR T At Bk, ShHfES) FSL AR
R — R, T IRA R XTI EN PR
N PR, % RIS I F 5 T AT A
Pl — T A 2 A P,
3.5 FSLIRBEWAIFRREMER S

AR, DATR B 2 ) SR AR R 18 2% AL
Dy R R, HARTAS R . THRERCR AR
FEME R IRSE T, (BRI fr e R e
L7 S T o N 1T S O - B €7
AR, AR SO T A A R A 25 ) e 2
HOAR, SIS AT i R T o B kR, G HOHE:
DLBTBARRIE 0 F SRR . RRIE S 45 R 0 1 56
F L FRIESE ) S AR P AR AR R ) AR AL S RS R
PR, A REE = FSL AL AT i BeE, A BT
SR AR () S R AT AR
3.6 IIMNERLNHEHREREEME

TE RS SCAR 525 4E 55 1, minilmageNet |
omniglot 5 FewRel S5 3A7 1Y FSL BRIHE )12 fd H
I AILE R . HAEBR 2GR, AR5 P
EAREE A 22 A, PRl WG i A A T o P A
TR AT 55 L H/MEARSE, X —d b
Z PR R B2, Ao SEBLZ 5 TR A9 38 )
DM, B s X
4 INEREEAITENRE

LI YT FSL AP R AR, AT L) R
AR FSL AT 0]
41 ZBERMBSIESEENESHH

R RAN NFEAS B R B AE BN L A, B
hnfa]l —FEA B R IR SR A R G 2, FEf
MBI, W R REG R Canim KRR
EfEbn . AFMFESE . AHERL TR ) M
AEZEA B (AN B A2 AR TR | i R AR
WL 055 ) BIEEGS o br. TRIEE, AT HARSR
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AR (Hidm ) @la . FrIEge (b ) @G
IR (Javm ) flG S5 2R BiUi g, st
225 S 4 Z2 BB A FSL AR Y v Y 5 PR
B EE A,
42 HEANFINRERIFSLEX

A ) FSL AR B AE S R ] HR AR AR AR H
PR TRWE, BAnECE I SR B TL, A 2k
PEATES G, ][R B AR R A J2 T 2R Tk
i, FEmIRAR O T HOR . ARORAE GAN,
JERAE 2] L outE] L KEIRHCICNG . 241552
SR 2 ki =4 O D 0 T= 3 . v o
ZRALI GBI, AT HE AR S 5 FSL SR i
T BB B 207,
43 BARETEIERE S

IEAESkE, LA Transformer. RL. fF 4k =7 2] 4
ARERAHAL AT B R SO B, ff s
M G AR TR HE 28 10 FH 5] FSTL 408 5 AT B AL
U 3 K5 B AT R Transformer, F1]fH 2 8
HEESHUE, ATHEF FSL BRI F KR BE 15 il
it RL T, BRI BT/ IMEAS PR v 58 sl
o), PR SR AR S N RE ) ANZALRE T s T
RARL 27, W] AR S S I SR 5400
1k, LUE AW MEAR B 5 X slss
AT IR 7E 4 FSL BRI A Ml . 91 e
HBE PR, AT HE (A $2 5 FSL A5 AL T 4 B
Gy | R 15901001
4.4 SEWHIRAIFESF A

Feor RIS R FSL %O B Z —,
AL AT I T IR AR . a2, |
SEAH B A A R 9 AR R 2 R R A
B, X S8 TE bR v i ] 58 A U455 s B
5, BERA TR, R SOk IE AN
)&k, WREN FSL Sy 7ERIB 2w,
PR DL R 2 . HIRIEE | 35 o) ST
R, BRI AR R, T AP 5
B FSL B R R 1O
45 SEEFBBUELE

FRELIT A S 3 IE FSL BEAY (4 ] f e O v,
U0 Jry ¥ AT ik R AR Y I SC fif BE (local interpretable
model-agnostic explanations, LIME) . SHAP
( shapley additive explanations ) {E A E e R AE
BPESE X ST RO SO T A AR, 4R
PSR ) B, I A AR A A TR Y
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R, AT R, AR S T A
HE HAT NAE T Y FSL AR
4.6 MRUFSLRE

FSL BRI RCR FE A7 3B U7 H IF T
MRS, FEEH THARERERS. &
FH S L, Wik, 7% Rk FSL AR ALK
F2 W 2% ol T AR He kAR A R R R AR T,
T AE DR AR AT TO0MIORS B (Y IR, B2 B R 1
2R U,
4.7 GNNHJERNIRZR

GNN e FakAe S0k . I Zmai. ThReft s
b, B M TR M AksEsr T
SERTN . HERE R G AE LGB, R AT
GNN 9 FSL R R SR A T3 A B . AR AE
FIM gttt (SR ssh SR | HEfE
EEHLHI AL ANy S s iR R g ) DL R
WHANFAL (FSL 3 GNN JEFE ) 2575 [N Rt
jjg [32. 1()4—1()5]O

5 &5iE

INEEAKE AT T 7k ) R I A T 2 4
HBEH RGN IR, WA 2T
B R (REEES ML/ AEE b8 ) |, it
LI RN S IR R, RN B
TERYE)Zm, 75U RS AR 5E . TL, Jo%
2] K RL A J5k, 454 Transformer 1 & JIHLH 5
GNN shASEIZ5H, Hasmiiml i) RAF 512 hpe 11 .
RGP, FF PRt 5RO,
AR R T LIME . SHAP 48 )5 ke T LY
P IIHESS , DUAR CRAE i U s b i AT S o
AW TG SE AR . FIE S AA, SCH
PSRN ) RAE AR . MRS, KR
T AR . Bk SN AR, i RS
PERBr ) FSL MRS RS BR A 45 2 58

MEMRFERR: AR T AR FEAATAEAL I 2257
s AR 2 £ 2
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